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Abstract

It is more than obvious that the Internet is not the same as it was a few decades ago. It has evolved

and brought new results and factors that have changed it and made it compatthléhe current

needs. We have witnessed a revolution and the birth of technologies like the Internet of Things,

widely known as loT nowadays. The traditional Internet has penetrated many areas of our
everyday lifeand weno longer follow the initial paradigm, where the user turns on a desktop or
fFLG2L) t/ yR 02yySOia G2 GKS AYyGdSNySieo ¢KS AR
Computers (SBCs) or lawst processing modules are being used in areas such as Smart
Agiculture or Vehicles and via wiess (2G3G, 4G, 5G, \Aki (Wireless Fidelity)LoRa(Long

Range) Zigbee, Sigfox, BluetootBatellite..) and stable connections (LANLocal Area Netwotk

optic fiber, X0 G KS dzaSNJ Oy AYyGSNI OO ¢AGK &aSyazNm | yR
measurements, and act accordingly. The SBCs and thedstiprocessing modules are equipped

with sensors, so they are ideal for many areas where there is need for semsirdatalogging

over one or more connections. However, the usage of 10T involvesush more than just

datalogging via sensors. Modules can work independently of user supervising. They can operate
autonomously via the use of programs that have been stored on them. For instance, in the

Internet of Vehicles (IoV) which is a stditegory ofloT, the nodes (vehicles) obey to the IoT

rationale. Furthermore, they execute more complex programs, implement changing of their

position, and analyze the environment for the safety of the users that are inside the vehicles. 0T

can interface with Cloudsnd various Internet Services, so a user who lives in Germany can control

the smart Energy Meter which is placed in a house in Greece.

With the evolution of Machine Learning (ML) it is feasible to execute ML code in SBCs and provide
more processing power to the loT devices. It is not uncommon to attach a camera tecpsdw
processing unit and via the use of a trained image ML model to inference live image processing
targeting needs such as pest control in a farm field or soil salinitlysis and leaf disease analysis.
Unmanned aerial vehicles (UAVs) are connected wirelessly with base stations and can capture
images from a farm field in order to identify essential problems in farm field.

This thesis documents our work on real world Internet of Things applications in different areas.
First, we analysed the rationale and various details of 10T and Machine Learning in precision
agriculture. A scheme was implemented in order to sense and ataldifferent factors in a
laboratory experiment. We sensed and logged temperatwéra Violet JV) radiance, soil
moisture and air humidity. Through the use of a sophisticated Recurrent Neural Netwoni)
ShortTermMemory (RNNLSTM), we were able to forecast weather conditions, so the user could
identify when there was need to irrigate the plant or farm field (in cases of scaling up). This way
the user could save water resources and money by avoiding unnecessasgexdation. Energy

is a valuable/scarce resource in farms, therefore we also proceeded to an analysis of different 10T
modules and the related wireless systems, in order to identify ways to optimize energy
consumption.

Secondly, we performed experiments within the realm of the Internet of Vehicles (loV), where
security is a critical factor. More precisely, we simulated an loV network of vehicles in3an ns
simulator, where different asymmetric cryptographic protocblamber Theory Research Unit
(NTRU)Elliptic Curve CryptograpligCCG)Hyper Elliptic Curve Cryptographgenus AHEC2),

[7]



Hyper Elliptic Curve Cryptograpltygenus 3(HECE3), Rivest Shamir AdlemafiRSA) were
analysed. We observed metrics of encryption/decryption times, message sizes, signature
generation times, signature verification times, exchange handshake sizes, and pseudonym
exchange times, while we also examined how the energy of the nodexle® was affected
when executing each asymmetric protocol.

Thirdly, we elaborated on the effects of Machine Learning models, and more precisely how the
Convolutional Neural Network (CNN) model behaves when executed in different processing
architectures. We used 3 SBCs that incorporated different processing Geit$ral Processing

Unit (CPV, Graphics Processing UnfBRU Tensor Processing UifitPU) used in the inference

LI NI 2y AYF3AS Fylfteaira NBEFGISR (2 f SRaA®&HQ RAASI 3
Access Memory RAM-, and swap memory usage, asell as temperature and energy

consumption.

Fourthly, we experimented extensively with Arduino 10T modules in rice and maize farms, in
cooperation with Machine Learning and more specifically CNNs and-LBWNMs. Linear
Regression and Multiple Regression were used for farm metrics' analysis, egpnaiak fields
farms. There is also a pioneer device analyzed towards resin and rubber collection presented
based on Arduino microcontroller and various sensors, that transmits to the end user information
about the environmental conditions of the resiolsber collection via GSM/GPRS or via Xbee
Zigbee.

Lastly, a pioneer mailbox for hardcopy letters, was invented, with the ability to inform the user

via Short Message/Messaging Serv({&M3 messages if a letter is received. It usesr@maRed

sensor which senses the reception of a new letter in order to identify when there is a new letter

inside the mailbox. It also incorporated muid Crystal Displg¥CD screen, and keypad in order

G2 O2y (iNRBf a2YS TFdzyOlArAz2ya adzOK Fa GKS SyR dza SN
the GSM/GPR&lobal Systenfor Mobile Communicatiori$seneral Packet Radio Seryisgnal

strength. The user can also check the life of the battery. The device has been patented in the
Hellenicindustrial Property Organisatian & h in greek.

Keywords:Machine Learning (ML), Convolutional Neural Networks (CNN), Internet of Things (loT),
Recurrent Neural NetworksLong ShorTerm Memory (RNALSTM), Raspberry Pi, NVIDIA Jetson
Nano, Google Coral TPICompute Unified Device Architectuf€UDA, Arduino, sensors,
forecasting, Internet of Vehicles (IoV), cryptography, RSA, ECC, HEC@dVamrig¢d Encryption
Standard AES.
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Raspberry Pi 4B (4GB)

,f "E%;

240 AC to 5.1 Volt DC
and 3 Amperes power
supply

Xbee explorer USB +
Xbee Zighee

5 Valt

Xbee + Xbee

% UV sensor

DHT22

AAA Battory -| adapter
l- Aeneg vy
AAA Bettery -|
l- Aszmes vuy
n' S la&h’ AL > < h T ¢ S<_>h_ Y 1t A >wo ' ' .
hw-®hy IVh S h W )R X h s i h h s 4 A, ~ 0 ®
fe > pefmA T
> > > > > > > > > >
5 & ) & o) © & & & =
1 _ ~ t N B > ~ 1 1 1 1 1 1 1 1 1 1
b: b: b: P:. P:. P:. P:. h:. h:. h:.
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cryptographic protocqlsuch as the AES. Wadso implement a specific modern protocol and
gather various metrics related to loV privacy.

In Chapter 7 we implementa new algorithm forprotecting privacy in oV, using three
asymmetric cryptographic protocols, such as ECC, HECC genus 2 and HECC genus 3, and the
symmetric AES. We have conducted many experiments conceraad Side Un{RSU, Group
Leader GLl) and vehiclesand gatheed manyusefulmetrics.

CA Yy | f Ha® & Didcyssion and Future PknBe present our conclusiongs well as our
visionandthe plans for the next steps in our research.
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Part 1. Knowledge
Extraction in Internet of
Things
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Chapter 1: Internet of Things
technology in precision agriculture

1.1 Introduction

Agriculture maintains an essential role in the society and the community in a worldwide level.
There are manylifficulties to bypass in that area, for example security of food, correct uses of
the various resources that exist in nature, the variations of the climate, the more demands of
food, footprint control, biodiversity wastage and many others. Internet ohdhiis a technology

that can help to give a solution to many of the aforementioned problems, by enabling precision
agriculture, as part of Agriculture 4.0, and bringing best results for each occasion. One essential
challenge is to mitigate the water usapeagriculture.

loT realizes the connection between many devices, in order to interact by exchanging data and

taking advantage of Cloud servictge can gather data fromarious loT placesnd process it to

support decisions related to optimizatiofiL]. 10T technologies, nowadays haeetered the

commercial sector angignificant effort is being spent to make themore userfriendly for

people who do not havextensive background knowledg®eThas shown a tremendous potential

for SYKFyOAy3a LIS2L) SQa tATS I yR démdihdNSRoh kbgalth, Y I y & 2 LIS
education,manufacturing andagriculture[2]. Agriculture is a great example, as the spreading of

IoT technology has actually guided us towakdsiculture 4.0. One of the essential difficulties that

exist today and is related to the food system in a worldwide level is the need to raise food
production by half more (50%) until year 2050, in relation with 2[Bl0The latter is critical to

occur in order to provide food to a foreseen population of about 10 billion people, while in parallel

there are rising stressed and finite resources (in nature) and needing to adjust to fast changing
climate conditions. Howeverj 2 Rl @ Qa Sy @ANRYYSyidaltf O2yRAGAZ2Y A
increase in crop production with the traditional approach in agricultural handBhgAll the

previous described technologies can help in solving this problem, and bring increase in yields
while also protectingthe precious resources. At this point, precision agriculture and intelligent
farming carmake a great differencéhe acceptance of accurate irrigation assists farmers in order

to use water onlyfor the crops that really need it. The result is the saving of water resources.

pul

It is known[4] that the United Statediave a lot of problems with water availabilityn California,

for example,at the year 2019, in order to irrigate 1,530,000 almond acres, the farmers used
195.26 billion gallons per yeak. similar situation seems to leoubling Ching5]. The irrigation
system provides support to the agriculture and seegmnomic sectors. To further extend it, it
maintains a balance in the environment which is in charge for the surviving of the oasis ecosystem.
¢tKS NBOSyYyil &SI NBRI Redzuselopthelcdbnatbliigifachange® Mdre i$ a/ R 0
change ofthe water that exists in arid areas (oasis). The consequence of this, is that the
underground water reservoirs, the water needed for farm activity and the corresponding water
salinity, are all affected. According to the World Bank, around 70% of the watecessary for

the agriculture, while factories and the rest industry need around 20%. The other 10% of water is
used internationally for household works. By the year 2050, people living on\Edrtkach the
amazing number of 10 billion. It is obvious that the needs for water and food will ind@ase
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1.2 Related State of the Art

There are plenty of initiatives that research the viewpoints of smart farming, related to the
benefits of thelnternet of Things technologwys well as Machine Learning algorithms, control of
energy that loT devices draw, and many othétdot ofresearch worleffort has been focusing

on the IoT field[7] [8] [9] and on Atrtificial Intelligencgl0] [11], aiming on farm irrigation.The

most significant effortselated to the stateof-the-art research on IoT and/or Machine Learning
algorithms with the view of reducing water in irrigation of farms as well as decrease of energy
consumption without affecting cropare presented here

1.2.1Smart irrigation approache®cusing on loT and ML

In[12], the authors refer to a smart irrigation device that is controlled via loT technology by the
user. It can update and inform the usem the values of soil moisture, temperature on crops and

pH using special sensors. The sensors communicate with Arduino in order to send the sensed
values. The proposed devices help to decrease the water logging in the farm fields. When the
temperature increases, the idea is that the system uses drip irrigation so that it can chill the crops.
The pH sensor informs the user so that it can take measures if the soil is acid, which affects crop
not to grow. Finally, the device updates the usardatical situations of the crops.

In[13], the authors describe a system that talgnod advantage of soil moisture and the devices
that control water irrigation, and when the soil wetness exceeds a certain value, it changes the
time of irrigation. They use an Arduino microcontroller programmed by Ardintegrated
DevelopmentEnvironment(IDB. When the values of the soil moisture sensors fall betevtain
values the related water pumps start operating in order to irrigate. However, when the moisture
values are over specific values, the irrigation enters a hold on.

In [13] the researchers propose a device that informs the user intigad on variousirrigation
aspects. Iaimsto reduce the cost and use optimally the resources. For instance, itlogsa
temperature and soil humidity, by setting different ranges for the soil and crop types. The
irrigation system switches on or off according to the related threshtilds are exceeded. The
device switches the related water pumpn or offaccording to the values it senses. The sensors,
such as soil moisture, pH sensor and temperature sensor are connected to an Arduino MEGA 2560
micro-controller. Moreover, the researchers have built an Android applicatioarder to handle

the water pump either via GSkellular network or via Bluetooth of the Android phone.

In [14] the authors use wireless receivers/transceivénsorder to realize smart communication
while limiting power consumption. Their constructure use$0watt solar panel (consisted of a
5Volt Liion battery), an ESP8266 microcontroller, sensors for measuring humidity and
temperature and an anemometer. The data processing and the related analytics of the machine
are transmitted via Cloud infrastructeir The latter contains historical data in order to make good
use of them and feed decision support when to irrigate. The authors have also connected an
LCD module with the target to display marserfriendly parameters to the operator.

In anotherendeavour[15] they constructed a machine consisted of a sensor for measuring soil
moisture, a temperature sensor, a humidity sensaorgda pH sensor. They have implemented an
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application that can be used by the operators (farmers) and the consumers. The latter can order
vegetables or other goodsa that applicationThe device is powered by a solar panelAfguino
microcontroller gathers the data from the sensors and feed the Cloud while filling the data
measurements with timestamps. As far as the Machine Learning part is concerned, the authors
followed the Google Inception v2 model, and used 90.000 imaageged from 38 classes, 20%

of them for testing and 80% for training. The accuracy reached 96.8% on the training part and
96.4% on validation part. The purpose of all these is that users can monitor the health of the farm
fields, get informed about posdideceases and buy from them when they feel it is the right time.

In[16], the authors have built a system based on Arduino Uno R3 with the following sehs@E

soil sensor, pH sensor, soil moisture, a sensor to measure soil temperature and a micronutrient
sensor, arElectrical ConductivityEG sensor, an OC sensor, and an OM sensor. The Arduino
microcontroller sends all the measurements to a Server through the help of an ESRNB2E&s

LAN WLAN. Then, a Kafka cluster is used, in order to send the data to an ML server, so that it can
train them. Extensive analysis takes place by considering specific thresholds on the data.

In[17], they have made a device which incorporates a Raspberry Pi 3 and the famous NodeMCU
Devkit. Theyconnected a DHI1 sensor and a Hygrometer. This device gathers measurements
from the sensors and send them to a DataBase.-DHiE a humidity and temperature sensor. A
motor, also, is used for bringing water in cases the moisture falls below certaiasvalhe
proposed device stores all the measurements in Firebase, in order to use them for future
prediction. More than 700 records are included. They divided the data for training and testing. A
prediction of 3 of the most appropriate crops can be made&spnting also a number of how
confident is that prediction.

All the previous presented work cannot be scaled easilydéliees and algorithmsan work well

in small environments, but when they are deployed in large scale there are some difficulties, such

as the fact that they are powered by batteries on alr operation, 7 days a week, using a solar

panel. However, there are many countriespecially in the North where they have 80%0%

Oft 2dzRa 2NI NXAY FYyR y2 &adzy +dG Ffftd ! y2HKSNI LINROGT S
a fan should be used, tis consuming more current, that is precious in a bat@oyvered device.

Arduino do not face cooling issues with their CPUs because the mainstream boards such as UNO,

MEGA 2560 have their CPUs clocked at 16MHz. Another issue is that sensors because they ar

very cheap and use most of them for lab experiments cannot bd imsaeal casestheir (Mean

Time Between Failureg) ¢ . C A& NBlFIffe 26 Dtw{ Ffaz2 RNIg Od
they can draw 1A or 2A currents. LoRang Range), Xbee are moreustable for communicating

between 0T devices, but WIFI not. W®lireless Fidelitydraws more current than LoRa and

Xbee and covers distances up to 100 meters, unsuitable for a farm that can cover kilometers. UV

sensors also help measure UV radiation, which affects the plants as it will be presented in other

part of the current thesisNone of the aforementioned examples uses RNIN'M Machine

Learning models that are becoming the number 1 solution for forecasting in fields like agriculture

[18. RNN[ { ¢a ySdzNI f ySig2N]la NS o6FaSR 2y aSlazylfa
be used in order to then forecast. Tlproposedsolution is based on many measurements,

something critical for expecting correct work of an RNBIM. Many configurations were made

so that the ML could work. For instanaaumber of epochs, type of optimizer, dropout value,

learning rate, etc.
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1.2.2 Current research towards energy consumption control

In [19] the researchers describe current experiments concerning energy consumption in loT
devices powered by batteries and used in the agriculture area. They communicate with the
devices via 3G/GPRS modules in order to aggregate temperature, humidity and gioége when
somebody logs trees illegally. LoRa modules are used on dairy areas. The researchers also depict
GPRS modem curve when the modem rises up to 200 mA, something that indicates the idea that
GPRS modules consume a lot of energy in comparison ter &hbceiver/TransceiveRX/TX
wireless modules.

In[20] the researchers have made an loT module consuming low power for use in agriculture field.
They describe how much time can power be provided by the battery, and especially mAh, using
calculations and various measurements. They use LoRa receivers/tramsmitie they claim,
although the current consumption is not high during the sleep state of the device, it has
consequences in the battery of the life. Moreover, they propose that if someone needs to have a
battery that lasts many hours or days in his deylwe should place a battery that selischarges

really slow in the LoRa module. The authors, also measured the LoRa module and they resulted
in the following the module (CMWX1ZZABxas a consumption of about 47 mA of SF7 mode and
128 mA on SF12 durinbé transmission of data and 21.5 mA during the reception of the data. A
calculated mean value of the current would be the followif@y + 21.5)/2 = 34.25 mA during SF7
mode and (128 + 21.5)/2 = 74.75 mA during SF12 mode.

In [21] the researchers describe a device that aggregates data from many sensors sensing the
following temperature in the weather, soil moisture, how acid the ground is, etc. Then, further
processing and analysis takes place. The authors present a table demonstrating the various loT
wireless devices and their current consumption for every sensor. Fonoestthe Xbee consumes

100 mWatts, LoRa consumes 440 mWdttgrrowband Internet of Thing®yB-loT consumes 550
mWatts and 5G consumes 400 mWatts. It is more than obvious that Zigbee consumes the least
power among all the modules. The mainstream supply olts, and for that number Zigbee
modules draws 20 mA, LoRa draws 88 mA|dNBdraws 110 mA and 5G TX/RX module draws 80
mA.

In[22] they implement experiments using 2 different GSM devices suitable for use in embedded
modules consisting of constrained resources. They identified through measurements what the
output represents in general, without concentrate on the GSM module. Theicelean measure

the speed of wind, temperature, humidity, rainfall speed direction, radiation emitted byihe

and the wetness of leaves. A GKBBAD and a SIM900 GPRS are used so that they can send data.
In their article they included graphs where it is more than obvious that about 150 mA is needed
for sending SMS and about 140 mA is needed while using GPRS.

In[23]the researchers monitor the aggregated data and their related energy consumption of WSN
(Wireless Sensor Networks) implemented in Farm indusihey claim about the drawbacks that
WSNs meet. In their research they also present research based on IoT data processing. Different
wireless devices are presented, so, for instance a(Blugtooth Low Energynodule needs 10
mWatts while operating, Zigbee needs 36.9 mW, LoRa needs 100 mW, SigFox needs 122 mW, the
common Bluetooth needs 215 mW, the L(L&ngTerm Evolution) is energyhungry and needs

300 mW, GPRS even more needs 835 mW. BLE module can be a straight forward solution,
however, in relation to the Zigbee, the latter covers a-hd&er area and BLE covers arheter
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area. What comes out for this paper is the fact that Zigbee is the less power consuming module
of all the choices, adding an acceptable radio coverage.

In[24] the authors propose a machine which operates autonomously powered by solar radiation.
It has many sensors connected, suchtag famous DS18B20 thermometer, the BME280 for
sensing humidity and pressure, CO2 sensor, AMS CCS81bridéasensor, the FC28 for sensing
soil moisture and the GL55 light sensor. The device communicates to a mobilapjHéeation)

in order to provide data to the user related to crops. It uses a WIFI module to send data to the API
(Application Programming Interfapand it needs 5 Volt Voltage supply and an average value of
230 mA (260 mA at peak values). The average power consumption can beaesibted as P =
V*]=5%*230=1150 mW or P =5 * 260 = 1300 mW when reaching peak values.

In [25], they propose a solution using wideea mesh network in applications related to IoT
technology, implemented in agriculture field. LoRa modules were chosen for their device, using
TDMA(Time Division Multiple Accestechnology for large area communication. As far as the
hardware is concerned, they connected the following senssod moisture sensors, weight
sensors, temperature sensors, humidity sensors.-¥ob is used to supply the device. The
depicted information, where the LoRa RT/TX module needs 12.5 mA current for reception and
72.5 mA for transmission, for a mean valdg12.5 + 72.5)/2 = 42.5 mA.

1.3 Analysis of the problem and the related proposed solution

1.3.1What is the problem

0T is in a very mature level in order to be implemented in the agriculture field and provide
solution to many issues, such as sustainability, quality and quantity in the yield, cost effectiveness
[26]. Systems of smart irrigation are being developed around IoT dewessising of sensors,
CPUs, actuators, targeting on estimating many parameters, such as soil condition, crop, weather
phenomena and provide suppaxt related decisions made on plant irrigation.

1.3.2Proposed solution to the problem

The solution described below has as its basis the Arduino MEGA 2560 R3 processing unit,
programmed by the famous Arduino IDE (Integrated Developraentronmen). The module is
connected with the following sensors: i) Capacitive sensors for sensing soil moisture, ii) DHT22
sensors for measuring temperature/humidity, iii) VEML6070 Ultra Violet sensor for sensing the
levels of UV light in the plant.

The good thing with the capacitance soil sensors is that they cannot be corroded as occurs with

the resistance soil moisture sensors. The soil moisture sensors used in the proposed device needs

5 Volt and are consisted of 3 pingltagepositive pin YCG, (ground) voltage negative picG{(ND,

output (OUT). The signal that a microontroller can read from the soil moisture sensor is in the

range O to 5 Volts, which is related to the intense of the moisture in the soil. The OUT signal is
connected to the Ardino to one of its A/D ports. Arduino can understand 1024 different values

FNRBY (KS aSyaz2Nna 2dzilidzi @ f dabitE 20= 4084040 dz@arfge | NR dzA y 2
from O to 1023. More sensors were used that operate auxiliary to the primary, in order to have 2
measurements for the same condition and provide the final output.
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The DHT22module senses temperature and humidity in the air. It is placed in a stable place on

GKS LXFyd a2 GKFEG Ad OFy LINRPGARS YSIFadaNBYSyida

logic or 5 Volt logic, that means both power supply and the wire conication with the rest
devices. It needs 2.5 mA mayx, it can measure humidity in the rarg&00 %, with 2% to 5%
accuracy, while it can measure temperatures ranging frd°C to 80°C, providing +/0.5°C
accuracy, with 0.5 Hz sampling frequency. The sensor consists of 2gplant®idity capacitance
sensor and a thermistor. Inside the module there is a chip for transforming Analog measurements
to Digital values, so that it can send them to its output pin. The connection between the sensor
and the Ardumo is being settle via the digital input of the Arduino. DHT22 uses 3\f@(G, GND

and OUT.

The VEML6070 Uyhodule works with both 3 Volts or 5 Voliswer supply and logic. It exploits

I2C protocol to exchange data with the Arduino. It uses the Ultra Violet spectrum to sense light.
What it basically does is to output a number for each UV light level it senses. The pins used from
this sensor areVCC, GND, S@erial Datgy SCl(Serial Clock

All the sensors communicate with the Arduino MEGA 2560 R3 module which uses the
ATmega2560 microcontrollerlt has 54 digital input/output pins, 16 of them can operate as
analog inputs and 4 of the 54 inputs can operate as 4 UARTS. Its CPU is clocked at 16 MHz, lower
than the mainstream CPU modules, but very suitable for what is needed for the experiments. It
incorporates 256KB flash, 8KB SRASfatic RandomAccess Memory) and 4KB EEPROM
(Electrically Erasable Programmable R€dy Memory memory. Every of its input/output pins

can tolerate 20 mA current draw. The communication between the Arduino and the capacitance
soil sensors is configured via the pins A0 and Al where A/Ds exist. Digital pin 2 of the Arduino is
connected to the DHT22 ssor and pins 20 (SDA) and 21 (SCL), which consist the 12C protocaol,
are connected with the UV sensor. UARIRiversalAsyrchronousReceiver/Transmitter) 3 port

of the Arduino is connected to the Xbee Zigbee S2 modul¢hédBensors and the Arduino are
powered by a B/olt power supply and obey to 5 Volts logic.

All the data gathered from the Arduino via the sensors, are wirelessly transmitted to a Raspberry
Pi 4B Single Board Computer. The modules used for this communication between the two boards,
meaning the Arduino and the Raspberry, are two Xbee ZigiZeBnWatts Wire Antenna. Xbee
works on 3.3 Volts both power and I/O in its pins. To make it work on 5 Volts, special adapters
were used that includeoltageleveltranslators For Raspberry the SparkFun Xbee Explorer USB
(Universal Serial Bugras used and forréluino the SparkFun Xbee Explorer Regulated was used.

DIGI manufacturer produces the Xbee Zigbee. It contains improvements on power output and as
well as the protocol in the Pro Series 2 that was used in the experiments. It needs 3.3 Volts and
41 mA. It emits2 mW radiation, when used, operating at 250 kbps bitrate, which covers the
requirements of the implementation. It can reacBQ meterscoverage at LOS (Line of Sight),
using only a small fixed wire antenna without complex installations. It enables input pins and 8
digital input/output pins. One great chacteristic is its ability to encrypt and decrypt data using
128-bit encryption, configuration ovethe-air as well as AT/API commafhds

3 https//learnadafruitcom’dhtview=all

4 https//learnadafruitconfadafruitvemi6070uv-light-sensotbreakoudview=all
5 https//storearduinacd/arduinemega2560reVv3

8 https//www.sparkfuncom/productéretired10421
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Raspberry Pi 4Bs the most advanced SBC of the vkelbwn Raspberry Pi family. It consists of

the BCD2711 ARKAcorn RISC Machipn€PU, which has-@ores, 64bit SoC clocked at 1.5 GHz

with 4GB RAM. It provides access for 2 bands:\&iR2.4 GHz and at 5 GHz IEEistitute of
Electrical and Electronics Enginge382.11b/g/n/ac, Bluetooth 5.0, BLE, Gigabit Ethernet, 2 USB

3.0 ports and 2 USB 2.0 ports. It supports the standarpid@eneral Purpose Input Output

(GPIO) header. It has 2 middDMI (High-Definition Multimedia Interfaceports in order to

enable connection with external monitor/monitors. The Q@3perating System{Raspbian) is
executed on a flashed 128 GB microSD. As far as the power is concerned, it is powered by a 5Volt/3
Amperes power adapter viaa USB LJ dz3® LG dzaSa | Fdtemperayire2 NRS NI {2
when working for many hours. Also, a keyboard and a mouse are used so that someone can
operate the Raspberry Pi as a Desktop computer and make the prograreasiay

Raspberry Pi 48 (4GB)

5 Valt

240 AC 10 5.1 Volt DC
and 3 Amperes power
supply

e T 3

Xbee explorer USB +
Xbee Zighee

|| —raABSEEY -|
| g

Figurel The 2 main basic devices useddatalogging sensed parameters form the basil pot. On the left, the
Raspberry Pi and on the right the Arduino MEGA 2560 R3 with the various sensors.

The modules that were presented in the previous paragraphs are showsigime 1. The
Raspberry Pi is presented at the top left side of the figure with Xbee adapter connected with it via
the USB wires. It is also shown the power adapter connected to the power port of Raspberry Pi.
At the right side of the figure, someone can identifg Arduino MEGA 2560 R3 with the different

7 https//staticraspberrypbrg/files/productbriefd200521-RaspberryPi+4+ProductBrief.pdf
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sensors (soil moisture sensors, DHT22, UV sensor, Xbee Zigbee) connected tebagmeind
a powerbank.

Element 1 Element 2 Element 3
Raspberry Pi 4B 240Volt AC to 5.1Volt DC adapt| Xbee Zigbee module
Xbee Zigbee adapter USB Xbee Zigbee module

5.1 Volt powerbank Arduino MEGA 2560 R3
Xbee + Xbee adapter regulatec Arduino MEGA 2560 R3
DHT22 Arduino MEGA 2560 R3
UV sensor Arduino MEGA 2560 R3
Capacitance soil moisture sensg Arduino MEGA 2560 R3

Tablel In the table someone can view the different elements used on Figure 1 and their connection béhgaen

In Tablel someone can see the connections between each element. As it was presented in the
previous sections, the proposed solution has to do with the building of an Ardisiged system

with many appropriate sensors in order to measure different conditions of fagich such assoil
moisture, temperature, air humidity and UV radiance with the aim to send all the aggregated data
on the Single Board Computer and undergo further processing. What isrveryativeis the
existence of an RNNSTM model, programmed in python programming language, running on
Ubuntu OS, capable of forecasting the following parametedé radiance, temperature, soil
moisture and air humidity. So, the farmer or the person that is handling the operation can decide
the volume of water whichsineeded in order to precise irrigate his farm so that no unwanted
water is used, saving resources and money. Research to related aj#i¢ldg8] [29] [30] has
shown that ML algorithms perform outstanding in forecasting in many domains, including
agriculture, showing decreased error (such as REI®Bot Mean Square ErroMAE¢ Mean
Absolute ErrorMSEC Mean Square ErroiCC Correlation Coefficientin relation to the rest of

the ML models. Although RNMSTM implementation has limited investigation in smart irrigation
problems, as it is more than obvious from the Staféhe-Art paragraphs, the usage in order to
support DSS (Decision Support Systeis very innovative.

1.4 Evaluation of the experiments that took place

In order to identify whether the previously described device meets the authors standards, an
energy measuring device was built. The latter device aims to data log vahauscteristics of

the Arduincbased 10T device concerning energy consumption, suchiraestamps of the
measurements, current draw, voltage, power consumption. This device is capable of measuring
Current (in milli Amperes), Voltage (in Volts) and Power consumption (in milli Watts). The upper
limit of Current it can measure is + 3.2 Ampese$§ Volts (maximum) by using the famous INA219
module via 12C port. So, the device consists of the following elements

9 an industrial shielded power supply that can provide 12 Volts, with maximum 6 Amperes
current, 72 Watts.

1 2 DC(DirectQurrent) -DC Stegdown converters that can provide an output of 5 Volts at
5 Amperes max current. These modules provide power supply to the Arduino-micro
controller and the various rest electronics, connected to the pilobard.
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INA 219 current/voltage/power measurement module.

WiFi module in order to access the measurements wirelessly.

Voltage- leveltranslatorsin order to communicate with the WiFi module that operates
at 3.3 Volt and not at 5 Volt (as occurs with the rest of the elements).

Ethernet Shield, in order to access the measurements via LAN network.

Arduino MEGA 2560 R3 as the main microcontroller.

RealTimeClock (RTC DS3234) in order to store a timestamp with each measurement.
SD card module, for storing the data that are being data logged.

240 Volts/50 Hz plug for supplying the whotenstruction

= =4 =

= =4 =4 =4 =4

All these connections are presentedHiyure2. The format of a stored measurement is as follows
21/12/22,3:27:43,5.14,869.90,4742.00, an ordinary CSV format, where from left to right someone
can observe the timestamp (date and tim@1L/12/22,3:27:43,5, then is Voltage in Vol 14,
Current in milli Amperes869.90, Power consumption in milli Wat#742.00. The S[Becure
Digita) - card stores each measuremeiiowever, they can be accessed in reale via:

1. USB (through direct connection to a @ersonal Computeftaptop)

2. Ethernet
3. WiFi
¢ KS AGO0NXAYE 27T YS I & dzNAR y 3 RS @A O&ntroled, whicK S I NR dzA

communicates with the peripheral modules. So, it communicates with INA219 via 12C protocol,
with WiFi via one of its UART ports, with RTC vigS&ifial Peripheral Interfag@ort. Below, in
Table 2 someone can observe all the elements of the measuring device and their related
connections between them.

5Volt = -

INA219 1© USB output
for the Load

connection

Arduino MEGA 2560 R3
+ Ethernet Shield

ovolr  EEBRAERRER

12 Volt

S 12Volt
. 3 level shifter

00 |3;§ 0000600 ¢ T JS050000 Wi-Fimodule focooa

240 Volt AC

to Real Time Clock
12 Volt DC

Figure2 View of the Arduinebased measuring device that was used to dataCurrent, Voltage and Power
consumption of each connected load on the USB output.
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Element 1 Element 2 Element 3
INA 219 current sensor Arduino MEGA 2560 R3
DGDC stepdown converter 240\/02&2&2 12 Volt DC
Wemos D1 WiFi module level shifter Arduino MEGA 2560 R3
USB output 0-5 Volt in circuit supply
level shifter Arduino MEGA 2560 R3 Wemos D1 WiFi module
RTC DS3234 Arduino MEGA 2560 R3
Ethernetshield Arduino MEGA 2560 R3

Table2 In the table someone can view the different elements used on Figure 2 and their connection between them.

Analysis of the effects of the environment towards plants in general

As far as the wavelength is concerned, the UV radiation can be categorized into three areas:
1 UVAin the range 315 nm to 400 nm
1 UVB in the range 280 nm to 315 nm
1 UMWC in the range 100 nm to 280 nm

In the Arduinebased devicéhe connected UV sensor operates in the-BAvange. Itis well known
to the agriculture researchers that L radiation is totally absorbed through the ozone layer.
That does not occur in UX, which also does not harm the plants. However;BJi¢ affected by
the ozone layer and more specifically it affects its intensity. The most harmful of the above
mentioned 3 ranges, is the UV radiation type[31]. Accordingto research literature, UMA
radiation shows that adverse consequences are present on plant32]ithe authors claim that
Rosa hybrida and Fuchsia hybrida indicate response in more uniform way thanBo ItJ\é
believed that UVA does not damage plant, however, in the research they show thah datises
harm in photosystem Il. PAR which is betterinas Photosynthetically Active Radiation, in the
range between 400 nm to 700 nm, filled in with48\¢an increase carotenoids, chlorophyl, which
consist the pigments and antioxidants A.Absorbing compounds). All these have effect on the
growth[33][34][35][36][37][38]. Researchers believe that tAtadiation comfort the damaging
consequences of the UB. For that reason, low levels of ¥Wcan enhance the collection of
antioxidants in plants which could improve the health of species that consume them.

According to experimenishe Genovese basil plants need more water at the end of development
as well as at the growth stages and during the maturity sidgg At the starting stages of crops,

the transpiration of basil is not high because of the shrunk area that is foliaged. However, the
water loss is increased as a result of the evaporatidiner than the transpiration that takes place

on the plant [40]. During the initial stage (growth, development), precipitation and high
temperatures were observed, exploiting water evaporation from the ground. While the plant was
growing, there was the need to make biomass produce flowers and rise transpiralidghese
resulted to increased need for water. The numbers gathered from measurements indicate that
water consumption on growth and development levels of basil was 2.98 mm/day. As far as the
dry mass is concerned the mean value was 27.2%. Auth{B8S]iwork claim that the plant in its
maturity period needed 4.87 mm/day (38.9% more than then needs in the previous period).
However, there were no changes observed in the measurements on the dry matter. The authors
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claim that during the maturity period, they monitored higher water needs, the time that the basil
plant was developed, rising in that way dry matter and fresh values. During the harvest period
(beginning of senescence) was observed around 3.16 mm/day ogui&wn in water (63.2 mm

for the whole period). In comparison to the previous phenological period, the authors claimed
that they reached 48.1% decrease in water. The drawback is that the dry matter measurements
approached 38.1% in comparison to the matyrperiod. As someone can understand the
experiments shown in the current chapter are targeting on basil irrigation on specific hours with
precise water.

The authors in41] show the results of their experiments that took place on basil plants on how
the temperature affects the plants. What they discovered is that by changing the temperature
from1PCupto2% = 2dzad p RSIANBSaA Y2NBZ GKSNB 6SNB Y2NB
holy basil. Researchers[42] showed that by changing air temperature from°C5to 25C there
are more flowers in Salvia splendens and Tagets patula (marigold). They also claim that when the
temperature is more than a specific threshold, there are less flower, something better known as
heat delay. The authors of another reseaféh]sawNB RdzOS R NB LINR RdzOG A @S @I f dzS
oFairt FyR W{gSSGi 5IyAQ fSY2y ol aid Asafothgf G KS (S
research43] states that there are 3 types of crops that have to do with the plant T

1. Coldtolerant crops, when theylis lower than 4C.

2. Intermediate crops, whenyis between 4C and 7C.

3. Coldsensitive crops when,Ts more than 7C.

The authors result in that a, hould lie in the range 13’8 to 12.2C if it stands for a basil with
fresh weight accumulations. For this reason, the basil is classified asezdifive crop. In cases
where the temperature is more than,Tthe implementation rate rises up ta,l, and next it
decreases down tomkx [44]. In general, it is a good tactic for plants to cultivate in temperatures
ranging between dand T The latter has different values for different species.

In the following researc¥5] the authors made experiments on Sweet Basil specie, with small
temperatures between houses that were fanned and houses that were not fanned. However, they
found great differences iRelativeHumidity (RH) about 95%. The RH, in the houses with fan, was
nearly saturated in high frequency and maintained that for greater amount of time compared to
houses with fan. This phenomenon has consequences to the sporulatiobedbBhri, as it makes

it guide to more conductive environments. Only 4 hours are required for the basil to be infected
in its leaves. When considering sporulation, the minimum time is 7.5 hours of intense relative
humidity. The previously discussed coitis took place frequently in nefanned houses, but
they almost did not exist in houses with fan. The result of all these is the quick implementation of
epidemics in houses withod&n, in comparison to slow progression in houses with fan.

1.5Experiments with the Arduino and its connected sensors

The experiments that took place in the basil pot, were consisted of the Arduino MEGA 2560 R3
and the following parts2 capacitive soil moisture sensors, air humidity sensor, air temperature
sensor, UV light sensor, Xbee Zigbee Rx/Tx module. The experiments took place on a Ocimum
Minimum variety basil.
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An |oT ecosystem was built in the laboratory environment, with the aim to provide the necessary
information to the user (farmer) to decide if the irrigation is needed or not, saving resources
(water) and money. Aiming at the environmental conditions, sastemperature, UV radiance,
humidity, and soil moisture, the related sensing modules have been adjusted so that they send
more measurements when the irrigation of the basil takes place. The latter helps to have a more
precise view of the time of irrigain (before and after the event) and set the optimal thresholds
for the soil moisture as it will be presented latter in the current chapter. All the data, as well as
DSS(Decision Support Systenand actuation took place remotely and wirelessly from the
Raspberry Pi SBC, that was operated as a PC in reality.

main USB supply plug

USB DC supply splitter

cables for 2 soil
moisture sensors +
DHT22 sensors

UV sensor

240 Volt AC/S0Hz
power supply cable

Xbee Zigbee wireless
adapter

Arduino MEGA 2560 R3
controller

Figure3 View of the infrastructure for sensing the parameters of the basil pot (temperature, humidity, UV radiance)
and the measuring device, which measures and diaga Voltage, Current and Power consumption.

The proposed constructure with the basil pot, the Arduino miooatroller, the various sensors

and the measuring device are depictedimure3 View of the infrastructure for sensing the
parameters of the basil pot (temperature, humidity, UV radiance) and the measuring device,
which measures and datags Voltage, Current and Power consumptidhe 2 soil moisture
sensors, and the temperature/humidity sensor are placed inside the soil of the basil pot and on
GKS oFaArtQa €SI @gSa NBaLSOuUAQStead 1 26SOSNE GKS
not affect its measurements, since the ligdxists in all the space. The Xbee Zigbee is also placed

in the breadboard and it is the main unit that is related to the data exchange with the other Xbee
Zigbee connected to the Raspberry Pi. The main constructure is powered by the measuring device
built by the authof in order to have datalogging of datetime, voltage, current and power
consumption. All the data gathered by the Raspberry Pi, via the wireless connection between the
2 Xbee Zigbeewere RA & LJ | @ SR  @hh-Flin-Trangisto) noidtdr in realtime, and
provided in order to support decisions on whether to irrigate or postpone the irrigation according

to the values of the measurements. The datare stored in a .csv formdile.

8 The experiments have taken place in the (AIL) Ambient Intelligence Laboratory of the School of Electrical and
Computer Engineering of the National Technical University of Athens in Greece.
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Figure6 UV radiation that was measured in the experiment. It m¢ Figure7 Soil moisturendirect calculation via the raw data coming from the
sense to have nomero values during the day, where there is plenty A/D converter of the Arduinduring the experiment. The higher the A/D
light and norzero values at night. O2y@SNISNRa GItdzS RAaLI @SR Ay
2 KSYy ANNRIFGAZzY GF18& LIXFOS aysS3
soil exists, the values are increasing.

Many experiments took place in order to evaluate the best values and set them as thresholds to
start or stop irrigation procedure. The experiments were realized betweet2d3)22 to 1712-

2022, two weeks in total. The frequency of the measurements wadoseine minute. The
measurements are depicted igure4, Figure5, Figure5, Figure?.

The way that capacitance soil moisture senguerates,is very easy to understand. They translate
their capacitance, as a result of the soil moisture in the ground, to voltage value which is then
NEFR 60& G4KS ! NRdzZAy2 a9D! wHpcn @Al AGa ! k5
drier the soil isIn Figure7 someone can view the indirect soil moisture values of the whole
SELINAYSYy(d @Al NI}g @I ftdzSa NBIR o6& GKS
the soil moisture and viceersa. Before there is need for irrigation the values rise up 3D,

next they fall very quickly when the basil pot is irrigated. After many experiments guide to the
following numbers (thresholds) which indicate need for irrigati®@0-320. As it is displayed in
Figure?, three irrigations took place throughout the experiment. The DSS regarding irrigation is
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not based only on that, but, also in humidity/temperature of the air and UV radiance. The
measured current consumption was in the range 166 to 186 mA at 5.1 Volt. Using the equation P
=V * |, someone can indicate power consumption in the raB§6 mWatts to 950 mWatts.

In Figure8 someone can view the UMUnified Modelling Languaggdiagram of the proposed

DSS idea. The Arduino microcontroller checks continually the sensors to identify if any of the set
threshold (one threshold for each sensor). This operation is called polling. When the threshold is
exceeded, the device irrigates the basil using 250 fmader (the size of a tea cup in volume).

¢KSNBE SEA&aGa GKS LNNARIFGA2Y 5S8Stte /2dzyy iSNI 6L5/ 0
YSIya aT1H K2dNBEP ¢KIFG ydzYoSNI A4 RSONBFaSR o@
microcontroller meetshe value O, it starts pollingpund again. From the UML diagram it is more

than clear that no sensor can trigger the system at the same timeamiother(s) sensor(s)

Get soil salinity
sensor reading

s soil salinity’
>3807

No
Get temperature
sensor reading

Is tem- Yes
perature
> 36 Celsius,
degr.?

No
. . . Initialise Irrigation Reduce counter by|
Get hum'dc';y bl[rlzgﬁage blasfllup\?l Delay Counter (IDC) 1 every hour:
sensor reading Y ml of water IDC = 72 (hours) IDC = 1DC -1

Yes
Is humidity
< 40% 7

No

No
Get Uv
sensor reading
Yes

Is UV > 1007

No

Figure8 The UML diagram of the DSS (Decision Support System) proposed in the current chapter.

1.6 SavitzkyGolay Filtering
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to identify thethresholds (upper and lower), Savitzky and Golay filterf#h§] was used. There
was use ofp-degree polynomial for every continuous subset2mfi + 1points, withL] >X H Y ®
Knowing thaD-th differentiation stands for smoothing artdth belongs into the rang@to p. The

latter exists in the mean point of the starting data and extracting the fitted polynomial that
undergo differentiation. Then, polynomials regarding lesgtiares can be implemented by
convoluting the data in the input. The last occurs by usi@gat+ 1digital filter. The coefficients

of the convolution can be gained for any diffatetion order, meaning all points in data and any
degree of the related polynomi&i6]. The negative issue, is that the latter does not exist for even
amount of data. It exists for odd values only. In the related device that the current chapter is
analyzing, Savitzik@olay filtering has been applied in soil moisture measurements so ttatlid

be easier to identify where to put the limiteat irrigation is enabled or disabled. For instance, as
the Figure9 depicts, when soil moisture value exceeds 280, the plant should be irrigated.

Raw values from A/D converter per minute
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A/D converter values
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Figure9 Indirectsoil moisture from A/D converter raw values of the Arduino filtered V@&vitzkyGolay filter in
order to have an overall clearer picture of where the actual thresholds start and at which point, they end.

1.7 Introduction to RNNLSTM neural networks

In [47] the researchers make an exhaustive analysis on the theory behindLBNM neural
networks.

1.7.1Recurrent Neural Network model

In the RNN neural networks, every neuron consists a processing unit which is attached to the
output of its node at the input. Each neuron applies an activation function, before the output
takes place. The neural networks because of the latter have thebilapao construct nonlinear
relationships. But the generalized neural model is not able to simulate the time parameter. All the
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datapoints are constructed from fixdéngth vectors. And when strong correlation takes place
via the input phasor, the model can diminish the consequences of the processing. Recurrent
Neural Networks (RNN) have the ability of modelling time. The defiinite cannot take place

into the output only, but can appear in the next time step layer, which is hidden, by putting time
points coming from the hidden layer as well as the hidden feedback connection.

The mainstream neural network does not bring any middle layer of the process. The specialized
input xo, X, %X  Xakter the process of neurons there will be a related outpythy, X X B K
every training, there is no need from transfer of information between the neurons. The difference
between RNNs and common (mainstream) neural networks, is the fact that in each training for
the RNN, neurons need to bring some information.

The essential structure of the RNN is depicteéimure10. And inFigurell, someone can see

the deeper analysis. Someone can see thstands for the hidden layex; is the input vector and
h; stands for the output of the hidden layer.

hi

Xi

Figure10 RNN basic model.

As someone can seefimgurell, the output of every hidden stage is fed as input to the following
layer.
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x0 x1 x2 xt

Figure11 RNNexpanded model.

1.7.2Long ShorTerm Memory Module

Although RNNs can handle nbnear time series, there are issues concerning gradient when
training long time lags, which are basic in tiseries forecasting. RNNs face also issues with
predetermined time lags in order to identify temporal sequence corapah and find the most
capable time window size automatically. Thus, in order to excel such kind of issues that RNN face,
LSTMRNN were invente{#8].

As it occurs with RNN, LSTM is also a memory module. It consists of 4 different essential units as
it is depicted in~igurel2and Figurel3. These are the following:

i. aninput gate

ii. aneuron with a feedback connection

iii. aforget gate

iv. an output gate

./
\r_\|

xt-1 xt xt+1

Figurel2 This imagalepicts the expanded single node of the RNN.
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Figurel3 This image depicts the LSTMs cells. As it is obvious, each LSTM cell contains four layers that interact.

The three nonlinear gates depicted fiiigure 14 are the unit that realizes the summation. The
latter is responsible for controlling the inside and outside transmission of the information either
through activation modules via the operation of multiplication. The multiplication exists at every

input andoutput cell by theirrelated | § Sa® ¢ KS F2NHSI

I GS Ydzf GALX AS3

connection and lets the cell either forget or remember its previous state. That occurs via the
realization of the sigmoid activation function. Thectivation function gate is assumed to be a
logistic sigmoid, so that gate activation belongs to the range 0 (stands for gate close) to 1 (stands
for gateopen). Thetanhor logistic sigmoid lets theutput activation function(, in order to excel

the vanishing gradidnissue. Its second derivative can be maintained for a long range before
resulting to zero. Further growth is needeghich is based inta different problem statement.

The weights connect the cell to the various gates, as is depictedimel4.

CLI

ht-l

ouT

t
Figurel4 Representation of the LSTM memory block, which consists of one cell with 3 gated4®}ers

More increase is feasible that is based on the different problem statement. The various weights
connect to the gates, as it is depictedrimurel4. The rest connections are without weight. The

memory module links the rest of the network via output gate multiplication.
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The model input is given by the formula:
o QB B b
And the output sequence is given by the following formula:
®  ®MB B o

wheret stands for the prediction and €tands for the next time step prediction. Tkean be seen

as a historical input data, anhs a single lag in period series. Both the latter in the case that low
flow takes place. The main target of LSRN is to forecast lofow discharge in the following
step based on the former data. All these are calculated from the following equations:

N, B ® I ®» O )

Mo, W oo IQ @ b )
® QI MO b ® IQ )
E .0 b o I ® W O

Q¢ JQo

~

w w 0 w

Where" stands for the sigmoid function. The memory is schemed in a box and contains an input
gate, an output gate and the forget gate. They are given by the followjra; . The symbols;

andh; stand for the cell and memory blockhe symbol$V andb represent the weight and bias
vectors respectively, in order to generate a linkage between the output layer and memory block.

1.8 Forecasting basil pot conditions using RNUSTM

The proposed device of the current chapter elaborates on an-B8IW neural network, where

the code is written in python. It can output forecasts for air temperature, air humidity, UV
radiance and soil moisture. As it is depicteérinurels, Figurel6, Figurel?, Figurel8, someone

can observe the actual values, the prediction on trained data and the prediction on tested data.
The different datasets are colored as followingd color indicates the real measurements, blue
color indicates prediction on trained data, and finally green color indicates prediction on tested
data. The dataset used consisted of 20.000 measurements and 400 epochs for training. This model
can be use@iming at forecasting the soil moisture of basil pot and estimate if it needs irrigation.
The rest of the parameters such as air temperature, relative humidity and UV radiance can be
used secondally in order for the user to decide when to irrigate in thuture. The prediction on

the unseen (tested) datis very accurate, thus the small error as it is presented in the following
Figurels, Figurel6, Figurel?, Figurel8. The ML model gets an input of tinseries and it is able

to decide, or better, to forecast when it is the appropriate time to irrigate. The ML model identify
the pattern and then can easily forecast. What is new about the current infrastructure ig that i
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can successfully forecast the various conditions and it is able to decide when to irrigate saving
water resources and not spending them when it is not needed.

UV radiance per minute Raw values from A/D canverter per minute
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Figure1l5 UV radiance datéogging with 1 minute frequency and 20.00C Figurel6 Indirectsoil moisture datdogging with 1 minute frequency
values in total. The actual (initial) dataset is colored with red, predictions  and 20.000 values in total. These are raw values coming from the A
trained (known) data are colored with blue color gorédictions on unseen  converter of the Arduino. The actual (initial) dataset is colored with re

(unknown) data are colored with green. predictions on trained (known) data are colored with bluéoc@nd
predictions on unseen (unknown) data are colored with green.

Minutes

Relative Humidity per minute Temperature per minute

g
I
o &

1 :

Relative Humidity (%)
Temperature (Celsius degrees)

A

’ & & & & ° 5 & & &
Minutes Minutes
Figurel? Relative Humiditylata-logging with 1 minute frequency and Figurel8 Temperature datdogging with 1 minute frequency and
20.000 values in total. 20.000 values in total.

The building of Machine Learning models leads to identify if tinek correctly and accurate. In
order to understand the previous, specific metrics should be provided. For this reason, seven
metrics were calculated

1 Root Mean Square Error (RMSE)

1 Mean Square Error (MSE)

1 Mean Absolute Error (MAE)

1 Squared (B
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91 Correlation Coefficient (CC)
1 Relative Absolute Error (RAE)
1 Root Relative Absolute Error (RRSE)

More analytically, RMSE is connected to the SD (standard deviation) of variations or divergences
between the forecasted values and the values that were measured.dd®Be considered the

same rationale as RMSE without the squaring. MAE is related to the absolute values, differing
between forecasted and measured values when best try takes place, without considering the sign
of the values, but estimating the predicti@mror series. R2 outputs (shows) the reliability of the
regression algorithm, aiming at kiag easier the changed values. As far as CC is concerned, it
evaluates how accurate is the ML model, by remaking the outputs used in experiment. RAE is
about dividing the whole absolute error with the whole absolute error of the main indicator. RRSE
squaes the RSE, and more specifically it provides normalization of the whole squared error
through the division with RSE total square error.

RAE
RMSE MSE MAE R CcC (%) RRSE (%
Humidity 0.82 0.68 0.45 0.99 1.00 0.06 0.08
Soil_moisture 1.75 3.07 0.79 1.00 1.00 0.04 0.07
Temperature 0.16 0.02 0.06 1.00 1.00 0.03 0.07
UV radiance 3.68 13.55 0.24 0.91 0.95 0.04 0.31

Table3 Metrics related to performance for sensors reading evaluation targeting training part.

RAE RRSE
RMSE MSE MAE R CC (%) (%)
Humidity 1.43 2.04 0.69 0.99 0.99 0.07 0.11
Soil_moisture 3.09 9.57 1.98 0.99 1.00 0.08 0.11
Temperature 0.42 0.17 0.27 0.97 0.99 0.17 0.18
UV radiance 13.95 194.49 2.2 0.95 0.98 0.09 0.22

Table4 Metrics related to performance for sensors reading evaluation targeting testing part.

During the testing and training periods, metrics calculation took place. The results are depicted in
Table3 and Table4. Both Tables show the 4 parameters sensed by the sensonsidity, soil
moisture, temperature and UV light. The values depicted are not high, so, for inskdAéetakes
values ranging from 0.06, concerning temperature MAE, to 0.79, concerning soil moisture MAE,
on the training part. As far as the testing part is concerned, the values start from 0.69 for
temperature MAE to 2.2 for UV light MAE. As it is obvious, the smalleraiibe of MAE is, the

more well the ML model operates. Analysing the CC metric, it takes a minimum value of 0.91 to
a maximum value of 1.00 for any parameter, both for training and testing measurements,
something that indicates a high eetation between real and predicted value$sRows the same
correlation as occurs with CC. The RRSE takes the value of 0.17 in average in the range of
estimations. It is also obvious that RMSE and MSE are low for the following paranseikrs
moisture, humidity and temperature, but not on UV light, which are high on both periods (testing
FYR GNIAYAYy3AOd ¢KS NBFaz2y F2NJ GKS €t G§0GSNI Aa
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In order to identify how good or bad the RNI$TM used on forecasting tirseries it is very
crucial to use loss functions. These functions are depictedyimel9, Figure20, Figure2l. Figure

19 demonstrates the loss on relative humidity datasetyure20 depicts the soil moisture loss
function andrigure21 shows the temperature loss. Orange color is used to display validation loss
and blue is used for train loss. The training procedure had the following configurafib#gvi
(Adaptive Moment Estimatignoptimizer, 400 epochs, with O.Dropout. What someone can
understand from the curve shape is that the used ML model works really well.

Relative Humidity Loss

0.07

0.04

Loss

0.03

0.02 ‘

0.00 i s e e o b i b et

wrain
walidation

1] 50 100 150 200 250 300 350
Epochs

Figurel9 Relative Humidity Loss function operating for 400 epochs training, both for validation (with orange color)

andtest (with blue color) values.

[69]



Soil Moisture Loss

— tain
validation
0.030

0.025

0.020

0.015

Loss

0.010

0.005

0.000

o 50 100 150 200 250 300 350 400

Epochs
Figure20 Soil Moisture Loss function operating for 400 epochs training, both for validation (with orange color) and
test (with blue color) values.
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Figure21 Temperature function operating for 400 epochs training, both for validation (with orange color) and test
(with blue color) values.
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1.91ssues related to power consumption, control and monitoring

The main issue when usihgT devices is the energy consumption. The idea is that such type of
devices or modules have to communicate with micamtrollers with reduced battery, CPU,
bandwidth resources, so it is very critical to use the right modules to have long time of operatio
with longlasting batteries. Below there is the analysis of the 10T device, concerning issues like
energy consumption, control and monitoring.

The experiment with the basil pot took 2 weeks, continues operation 24/7. Beldugime22,

Figure 23, someone can see how the power consumption was allocated throughout the
experiment. InFigure22, it is depicted the power consumption with 1 hour frequency. So, the

data were gathered every 1 hour. Figure23, someone can see how the power consumption

was allocated W|th frequency sampling equals to 1 minute. The power consumptlon ranges from
yTp Y2l 4ddGa G2 dpn Y2l G0a | LIWNRBEAYIGSted ¢KSNB
indicating that at these timaamps maybe there is less information sent from the Arduino on the

basil pot to the Raspberry Pi aggregator. The result is smaller messages, so less power used by the
Zigbee modules.

Power consumption every 1 hour

Power consumption every 1 minute
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Figure22 Power consumption of the completed circuit, measured ii
mWatts, with 1 hour sampling frequency.

Figure23 Power consumption of the completed circuit, measured i
mWatts, with 1 minute sampling frequency.
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Figure24In the picture someone can see how is a signal (message) that is sent from the Arduino (existing in the basil

pot) to the Raspberry Pi, via Xbee Zigbee is viewed under the oscilloscope. The current needed from the Xbee Zighee

module is around 40 mA, accand the manufactureét The whole device operates at 5 Volts, which results in a power
consumption of P =V * | =5 * 40 mA = 200 mW on peak of the signal.

In order to estimate power consumption, an oscilloscope was used. One of the 2 Zigbees was
connected to the oscilloscope, while messages were sent from the Arduino to the Raspberry. One
such power imprint is depicted Figure24. The parameters seen are the followidg = 2 ms/DIV
(Division)and V = 5 Volts/DIV. The peak consumption can be calculated from th&neeth
formula: P =V * | =5 * 40 = 200 mWatt approximately. If there is need to calculate the energy
consumption in Joules, there are more that should consider, such as the digy agd using Ts

and P someone can easily calculate the energy.

For the energy consumption research on the wireless modules used on the current area, an
extensive analysis takes place. For that reason, 10 different modules were tested inthdhab

10 different Schemes are depictedlinble5. They use the same sensors as they are displayed in
the table, but different wireless modules and 2 different miprmcessing modules. Scheme 1,

uses 2 soil moistures sensors, drawing 4.8 mA each dnanality/temperature sensor and a UV

light sensor, one Arduino MEGA 2560 R3 for processing all the data from the sensors and one
Xbee Zigbee S2 module for the Tx/Rx of the data. From measurements on the modules, the
current draw was 164.3 mA. Scheme 2 eom$ the same modules as the Scheme 1 but as a radio
module instead of Xbee Zigbee S2, it uses the famtu9®® GPRS module, with the whole
current draw of the Scheme to be 433.30 mA. Scheme 3 used the same modules as Scheme 1 with
different radio moduleso, it uses SIM7600E 4G modem, and the measured current draw was
747.3 mA. Comparing those 3 schemes it is obvious that GSM modem need more current.
Continuing with Scheme #,uses the same elements as Scheme 1, but different wireless module
instead of the Xbee Zigbee, it uses LoRa radio module at +13 dBm, with needed current measured
at 174.3 mA. The same scheme as the Scheme 4, with more an amplified LoRa module at +20 dBm
is used form Scheme 5 and it needs 275.3 mA. Schemes 6, 7, &r8,idéntcal to Scheme 1,

2, 3, 4,5, but instead of Arduino as the main processing nticniroller they use the Raspberry

9 https://www.adafruit.com/product/968

101he experiments have taken place in the (AIL) Ambient Intelligence Laboratory of the School of Electrical and
Computer Engineering of the National Technical University of Athens in Greece.
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Pi 4B without any fan on it. The results were measured as fallBaiseme 6 needs 345.3 mA
current, Scheme 7 needs 614.3 mA current, Scheme 8 needs 928.3 mA current, Scheme 9 needs
355.3 mA current and Scheme 10 needs 456.3 mA current. As someone can understand, Scheme
1 is the least powehungry circuit needing only 85 mWatts, whereas Scheme 8 is the most
power-hungry circuit needing 4641.5 mWatts. All these are depictehines.

Operating current (mA)

Element

Scheme 1
Scheme 2
Scheme 3
Scheme 4
Scheme 5
Scheme 6
Scheme 7
Scheme 8
Scheme 9
Scheme 10

Soil moisture sensor 4.8 4.8 4.8 4.8 4.8 4.8 4.8 4.8 4.8 4.8

DHT22 sensor 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4

VEML6070 UV sensor 3.3 3.3 33 3.3 3.3 3.3 3.3 3.3 3.3 3.3

Arduino MEGA2560 R3 (measureq

: ) 109 109| 109| 109| 109
without pinsused)

Xbee Zigbee 4 41
SIM900 GP(E)iEES)SM 900) mean . 310
SIM7600E 4G (20Mbps) 624 624
Adafruit RFM96W LoRa Radio (+13 d 51 51
Adafruit RFM96W LoRa Radio (+20d 152 152
Raspberry Pi 4B 290| 290 290| 290| 290
TOTAL current consumption (mA)| 1643 4333 747.3| 1743 2753| 3453| 6143 9283 355.3| 456.3
VCC (Volts) 5 5 5 5 5 5 5 5 5 5
Powerconsumption (in mWatts) 8215| 2166 3736 8715 1376 1726| 3071 4641 1776 2281

Table5 View of the various Schemes, their connected sensors, their ramntrollers or microprocessors, and their
different power consumption (in mWatts).

According to research papers that are referred below, Théle5 is verified. More specifically in

a study byj11]they used a GPRS modem for data communication that needs 200 mA current and

it is more than the Xbee Zigbee used in the current chapter, which needs 41 mA. In another study
[12] the authors support that the Rx/Tx modules that consume the least power are BLE and
Zigbee. Indeed, BLE is even more less power consuming than Zigbee, however, the distance a BLE
covers is about 10 meters. Zigbees can reach 120 meters at LOSOHSight). Authors of

another study{49] they use WiFi modules to transmit data from loT agriculoased devices to

the (Rajkumar et. al., 2017) Cloud, consuming between 1150 mWatts to 1300 mWatts, far more
than the device of the current chapter, which uses about 821.5 mWatts, as shohabiab.

Lastly, in another researg¢h3] they claim that Zigbee modules for transmitting/receiving wireless
data need low current.

1.10Conclusiols
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The current chapter presented raovel device related to smart irrigation mechanism that was
based on loT rationale, such as Arduino module, as the main processing unit, different sensors
attached to it, Zighee wireless module for the communication with the data logging device
(Raspberry Pi 4B). The outcomes of the performance are quite satisfying due to the fact that the
total mechanism construction was very straight forward and the-tiea¢ results of he devices,

as well as their computation needed low resources in order to triggerusaas being aware of
compact status/condition data and references. The irrigation process has been proposed in order
to let the users change to their needs the wished @en frequency based on the crop needs

for water. An RNNLSTM Machine Learning scheme was proposed that can make forecasts related
to UV radiance, temperature, relative humidity and moisture in soil, in order to help the DSS
(Decision Support System).erhew added value of the current chapter is the lightweightness of
the current mechanism, which is easy to build and change its parameters, it shows low power
consumption, and the significant high accuracy of the RISHM scheme.

We have started working oa mechanisnfor maize farms in Nadhern Greecewhere an Al
(Artificial Intelligencegnabled DSS that takes as input not only data from the various sensors that
they were described before, batlsodata from UAV/drone/satellite images. The target of that
scheme is to mitigate the water usagehile at the same time preserving the health of the plants.

Moreover, there is an effort to combine UAV and satellite images as inputs, in order to process
RNNLSTM algorithms targeting on delivering better quality irrigation related forecasts, and be
more accurate on how much water is needed in the plants. Thdemm@chanism is planned to

be waterproof, thus being an advantage, since all the previous described devices are not. Finally,
the device will be supplied by solar panels in addiction to batteries, so they will be working on any
weather conditions.
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Chapter2: Plant diseases
identification using Single Board
Computers (CPU, GPU, TPU) and
Machine Learning models

2.1 Introduction

The basic issue that the current chaptdaborates oris the image processing with the related
classification of images with leavescording to whether they are diseased or healthy. In order

to extend a previous classification dataset consisted eflB0classes, it was decided to realize

the problem with 33 classes for the processed leaves, with an effort not to destroy the accuracy
of the model. The used dataset was gathered frampublicly availableepository*!. The dataset

used lacked balance considering the number of the images. Sprpecessing took place, in order

to calculate the initial number of images. The number of images in the class was 152. In every
class were kept 3 * min = 456 images, whidneclassehadmore than 1000 images, that would

have negative effects on the accuracy of the model, sihedearning phase would be grounded

on them. The prerocessing was realized in the Cloud via the auxiliary use of Google Drive. The
training of the whole scheme was implemented on Google Colab, a tool that makes good use of
GPU and TPU architectyne order to accelerate Machine Learning code, written in python
programming language. Then the trained model was uploaded to Single Board Compotdes in

to implement the prediction on unseen (new) images. Machine Learning algorithms were
executed in Single Board Computers, such as: Raspberry Pi 3B+, Raspberry Pi 4B, NVIDIA Jetson
Nano, Google Coral TPU Edge Dev Board, which all of them belonddd teehnology. The aim

was to produce a model using as less as possible resources, such as low RAM, and decreased CPU
power. The pictures were loaded every time in ML model and a random filtering was implemented
on them in order to change various pararaet such as the range of coloimr a range €55 value,
brightness, zoom, etc. The idea on these processes is to have as more realistic dataset as it can
be, because the pictures that would be fed by the user will not be in perfect condition, and so the
ML model should take those impedtions in consideration. So, the model should handle cases
where the picture is rotated or not, do not have the suitable lighting, etc. In IoT devices it is very
crucial to consume as little energy as possible, because ter power constraints, especially if

the SBC operates with the support of a battery along with a solar panel, or a small wind generator.
Apart from metrics concerning RAM, CPU, temperature, time, other measurements took place
concerning energy consumpto The latter was implemented with a special measuring device
that was constructed in the 1&h The device datbgged voltage (in Volts), current (in milli
Amperes) and power (in milli Watts) of the load.

1 https://github.com/spMohanty/PlantVilladzataset
2 Ambientintelligence Laboratory, National Technical University of Athens
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2.2 Related stateof-the-art

2.2.1 Machine Learning models used in the agri field

The current sutsection demonstrates the various research papardachine Learning models
in the agriculture field, and it is ndimited to devices consuming loyower.

In [50], the authorspresenta devicethey have builtconsising of the following components: DH
sensor in order to capture humidity and temperature, LO0Hght Dependent ResistQréor
measuring light, soil moisture sensors and the famous NodeMCU for wireless communication.
Concerning thesoftware, it included Firebase, Jupyter Notebook, python 3.5+ programming, a
text editor (atom sublime), Flutter framework and dart language, Ngrok localhost webhook tool
for developing and the weknown Arduino IDE. The core of the mechanism is an Intel R CoreTM
i5 processor 8300H clocked at 2.60 GHz/2.80 GHz (1 sdcgetes, 2 threads per core), which
uses 8GB DDR4 RAM and 2 GPUs interchangeab{iigtDDefinition)graphics 630 or NVIDIA
GeForce. The rationale of their scheme is that the API(URform Resource Locafois sent to

the ngrok, and the output is sent to the app in a J%daMaScript Object Notatipstructure. The

APl is linked with label files that contain the diseases, the image converter, the CNN algorithm,
which the users use in order to communicate with the app. More specifically the modelgadpo

is consisted of the following parts:

1. The first one is the REST API, which mainly includes: the dataset with the plant leaves, the
CNN algorithm, and the Django REST tool in order to construct the API. The authors made
use of more than 9.000 images/10 plants leaves/13 sections. They usedn2g@s per
category for training their CNN model and the rest 700+ images for testing their CNN model.

2. The second part, stands for the flutter construction of the application and the connection
with the customized REST API. It is consisted of two ajtdie design of the APP ar{d)
the linkage of API with the APP.

3. The third part is connected to the field monitoring.

As they describe in their research, thieilLlJLIt A OF G A2y oNARy3Ia ym: | OO0dzNI O@
SFNI& ONARIKGE FYR ymr FOOdzNF 08 F2NJ mp &l YLX Sa s
Al YL S&a 2F (GKS a! X S oflF O]l NRGE RAASEFAST FT2NJ ms
outstarRA Y3 NBadzZ Ga F2NJ 0KS wmp al YLt Sa 2F (GKS a/ 2Ny

In anothercase[51] the authors have constructed a device which contained the following parts:
soil moisture sensors, module for sensing humidity, module for sensing temperature, a water
sensor that can be placed either to water tank or into pesticide tank, a driver for B@¢sna DC

motor and a robot mechanism. A relay driver with a relay communicates with a sprinkler device.
All those parts, that described above, exchange data with a Raspberry Pi, that is linked to an
Android application. So, their mechanism works as ¥ahg: an image depicting a disease is
selected, and it is shown in the APP. The APP is built using python programming language. If the
farmers identify a disease, they give signal to the sprinkler device in order to spray pesticides or
fertilizers and alsavater. Their device makes use of single pole relay for enabling/disabling the
various devices. A module that senses water level is used by the farmers. The following sensors
areused: LM35 (temperature), DHA2(humidity), water sensor, moisture sensor. The sequence
they use in order to identify disease is like this:
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a) Image obtainment

b) Preprocessing

¢) Segmentation

d) Extraction of various features
e) Classification

The researchers used 900 images containing cotton leaves. They separated them into 629 for

GNFAYAYy3 LISNAZ2R FYR HTM AYl 3Sateridl2 NA ARG A RS &IS KJ
F OOdzN> O 2F ypodyd> F2NJ a! f GSNYIFNARFé¢ RAaSIHaS GK
YHPPT: | OOdz2NF Oéx F2NJ aDNBeée aAtRSge (GKS@&@ NBIFOKSF

NEIF OKSR yHdop: | OO0dzNI O G Rr/3Re FIAGH A S BS IF 2yNd 0 | 15D & dINg¢

In [52] the authors make use of the famous Respeti Yy SdzN} f y S g2N] ® ¢KS f
position was extracted via the use of Convolution layers. So, the disease classification was
indicated by iterative learning. In order not to face overfitting, they used randata increment.
A LeakyRelLU function with a 11 x 11 size kernel was used, aiming to the network change. That
selection enhances the network ability to indicate features with details and enhance the receptive
phase. The authors reached a rise of 2.3%hintesting phase during the performance of the
network. They used 3000 images of the three most common leaf diseases in their experiments,
these are: a) yellow leaf curl, b) Spot blight, ¢) Late blight. The ratio on training and testing period
was 9:1, sin absolute numbers: 2700 images for training and 300 for testing. Images were stored
and classified in folder, where each folder had a relation with the name of the disease, so there
was a label for each category. ResB6t was compared with many actiwam functions and
convolution kernel sizes. Adam optimizer was used with 0.00001 weight decay. Twenty iterations
took place for training results the model was stored every 100 iterations. Ubuntu 16.04 OS was
used with an NVIDIA RTX2060 GPU for training)t@msorflow package in python programming
language. Below are represented the results of their experiments:
i.  Training accuracy hit 97.7% and testing accuracy reached 95.7% on a 7 x 7 ReLU, in 51
minutes.
ii. Training accuracy hit 98.1% and testing accuracy reached 97.3% on a-Rekf In 53
minutes.
iii. Training accuracy gave 98.3% and testing accuracy reached 98.3%Reh d,lin 54 minutes.

In[53] the authors propose a scheme for identifying apple iaéase. Images of apple leaf were
Lldzi Ay aSOGA2yasx o6e FANROGEE AKFRAYy3I GKS | LILX SaQ
and only capture the areas of the pictures that contain the apple leaf. The spots include certain
colors and special textas characteristics according to the various diseases. The authors followed
the below steps:
i.  They bring threshold division, and they delete the background.
ii. They delete the green color mask in order to collect the diseased leaves.
iii. They compute both the color instantaneous feature of the grayscale instance matrix and the
textures.
iv. They make use of SV{@ipport Vector Maching neural networks for training the model.
v. They continue the computation with the last image and assess it by using SVM models.
The authors used images of apple leaves coming from four categories, three of them were
diseased leaves and one category included healthy leaves, so, a sum of 2700 images. More
FyrftedAaolrttesr oyn AYFASA RSLIAOGSROFMNBMIYYEl ad OSSR |- d
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NHza G nHT AYIF3IS& NBfFTGSR (2 a3aINBe aLkRié | yR
experiments were made on Intel-B265U CPU clocked at 3.00 GHz, incorporating 8GB RAM and
Windows 10, 64it, through the use of Python programming language anderepecifically the

3.6.8 edition. In order to accomplish image processing (recognition) the researchers used
Tensorflow v.1.12.0 executing the code in an NVIDIA GeForce GTX 1050Ti 3GB GPU. They used
the free opensource andwell Y2 6y at f | yset Bhdysdparaies the dRtasét into the
healthy ones (1185 pictures) and the diseased ones (987 pictures). They kept a 6/4 ratio in
training/testing part something that is analysed in 1276 images (60%) for the training phase and
850 images (40%) for thedting phase. An accuracy of 90% was reached via the use of SVM model
and image segmentation. They made use of Redi8eand ResNe®4 for both training and
classification aiming at making the ML model sturdier. Thus, the model increases its accuracy to
9% in ResNet8 and 97% in ResNa&4.

2.2.2 Single Board Computers executing CNN ML code

In the current subsection,there are examples of CNN algorithms executed on SBCs, which are
not bounded only in agriculture sector. The rationale is to present experiments from the literature

that use CNNs executed on limited resources I0T devices, and as a result the readéoigeesli

of how the CNNs behave on various domains in devices such as Raspberry Pi, NVIDIA Jetson Nano,
NVIDIA Jetson TX2 and other devices. Aesalt, the current section analyses the execution of

CNNs on SBCs in general and gives a feeling to the i@ateraccuracy and configurations made

in various fieldaccomplished by the various researchers.

In [54] the authors show performances of SBCs in NVIDIA Jetson Nano, NVIDIA Jetson TX2 and
Raspberry Pi 4, through the exploit of a CNN model which was made by the contrast of fashion
product images. 2D CNN model was developed so that they could classify I8ndiffeshion

objects in tests. Their dataset contained 45K images. Various parameters targeting performance
analysisvas gathered as consumption in GPU, CPU, RAM, power, accuracy and cost also. Dataset
was organized to parts of 5K, 10K, 20K, 30K and 45K for training and testing periods in order to
demonstrate the differences of each Single Board Compiteey resolved the performance of

each embedded SBC scheme in low power with limited resources hardware devices. More
precisely, as they state, they reach87,8% witra 45K dataset on thdetson TX2.

In [55] the authors present a loypower CNN model so that they can accelerate tasks of edge
inference of RTC systems, where all the operations take place in a celis@ogic and realize

an instant computation for inputting data its input. They show that most calculations of CNN
filters can be applied and terminated in multiple cycles and do not react on the total latency of
the many calculations. They propose a malicle scheme in ordéo implement the columrwise
convolutional calculations in so that they can diminish the hardware resources and the energy
harvesting of the devices. They enter a hardware architecture for yoytte algorithm such as
domainspecific CNN architecture whidh fulfilled in a 65nm transistor technology. They state
that their scheme realizes up 845%, 49,41% and 50,64%wer reductions in algorithms such

as LeNet, AlexNet and VGG16. Their experiments present that their approximation outputs bigger
power mitigation for the CNN models made of greater depth, larger filters and more channels.

In[56] the authors propose a real time system aiming at the surveillance via the use of Rapsberry
Pi and CNN for recognizing faces. They use as input a dataset consisted of labels. They start by
training the system on labeled dataset so that they can exporbuarcharacteristics of the face
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and key points of face recognition. Then it compares faces and outcomes a result based on voting.
The classification accuracy of their mechanism is guided by the CNN algorithm and it is compared
with the widely known HOG (Histogram of Oriented Gradiemt)l, also the stateof-the-art face
detection and recognition methods. Moreover, the accuracy of their mechanism is stretched in
faces with masks or sunglasses or live videos and they assess them. They reach the following
accuracy98% for VMU, 98,24% forda recognition and 95,71% in 14 celebrity datas@tse
outcomes of the experiments present their proposed model in accurate face recognition in
contrast to the modern identification and recognition techniques.

In[57] the researchers have realized and evaluated efficiency and performance of an embedded
scheme based on CNN algorithm on the Raspberry Pi 3. Their CNN models are in charge of
classification of dissimilarities between many frames that include healthy aldefaionditions

in the structure. They transacted experiments and evaluated the CNN model via the use of
piezoelectric patches linked to an aluminum plate. They manadgtdrate of around 100%. The

latter accuracy has a great influence in the concept of €éiNered SHM (Structural Health
Monitoring) systems where implemented applications are wanted in order to recognize many and
different damages in the structure, withpplication fields varying from aerospace structures,
rotating mechanisms and wind gerators.

In [58] the researchers propose a lightweight CNN model, the WearNet, so that they can realize
automatic scratch recognition for materials existing in metal forming. A dataset consisted of
surfaces gathered from a cylinden-flat sliding tests was used so thdtdy train the WearNet

with appropriate configurations in learning rate, gradient algorithm and +étch size. An in
depth analysis on the network results and decision offer was also recognized to show the
proficiency of the developed WearNet. The outcomas that in contrast to existing networks,
WearNet realized an excellent classification accuracy of 94,16%imiogtamaller model size and

less time duration recognition. WearNet eXeel compared toother modern networks when
public repositories wereedected for network evaluation. There were positive outputs identified
when detecting surface scratches in the process of sheet metal forming.

2.3 The description of the problem

If the plant diseases are not detected in an early stage, there is the danger of rising in the
production cost in agriculturgs9]. This shows that a monitoring system should exist with high
frequency in order to detect early disease signs, before the diseasesall/tre farm plant. It is
20@0A2dza GKFG Y2yAG2NRYy3d GKS gK2fS FIFNY LIy
and via the use of remote monitoring and Machine Learning models it is something that can be
realized. The current chapteaxaminesthe execution of Machine Learning algorithms for plant
disease identification running on Single Board Computers (SBCs).

Over the last fewears, Atrtificial Intelligence has shown tremendsuscess witlapplications in

many fieldsjncreasinghe need for data and more intelligent and complex processing algorithms.
This phenomenon underlines the need as much efficient resources as possible, such as RAM, CPU,
energy. As a result, Machine Learning is the capability that machines gain to pragess tasks

by deciding the output without a human interaction, based on the natural knowledge that reiman
provide them at the earlgtages. Atrtificial Intelligence provides support to many fields in order to
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solve problems, for instance: Machine Learning, NLP (Natural Language Processing), image
processing and many others. Machine Learning is acatdgory of Artificial Intelligence. It is
consisted of Algorithms that can be enhanced without human interventimtomatically) based

on experience. The current chapter delegates the case of supervised learning, where the user uses
labels in the data that are fed into the ML model (as it will be demonstrated in a latter paragraph).
With classification the ML moden categorize data inputs and outputs. The proposed ML model
checks a number of instances which are part of specific categories and makes use of known labels
to identify in which category a recent input does belong. So, the mechanism is trained in@ way

be able to separate features based on the training dataset, which comprises of the input data.
Then, a validation dataset is fed to the ML model. The relation between the input data and the
output labels is known, so the ML model is able to evaluagel¢larning operation.

The validation part works as follows: the validation data are input to the ML model and are
compared with the real values of the output. Next, is the learning phase where the usettlieed

ML model with test dataset in order to have an assess of how accurate has the mechanism
learned. In the last phase, the user covers/hides the labels from the ML model, however, the
model classifies the input data with what it has learnt so far. Atethe of the operation, it can
calculate the number of instances that wecorrectly classified and thus, the model can be
assessed for its reliability. Throughout the various experiments, Convolution Neural Networks
(CNNs) where used, a solution for working with images and more specifically for classification
problems. Clasfication is the operation of feeding the ML model with images aading it
calculate a probability/percentage for each image to belong to eatbgory.

2.4 Proposed Solution

Four different Single Board Computers were used so that they can process Machine Learning
algorithms. These models are:

i. Raspberry Pi3B+ 1GB

ii. Raspberry Pi4B 4GB

iii. NVIDIA Jetson Nano

iv. Google Coral TPU Dev Board

Raspberry Pi 3B%s a Single Board Computer whichl@CPU with foucores clocked at 1.4GHz.

It supports duaband WIFI (2.4GHz and 5GHz), Bluetooth version 4.2 and BLE, faster Ethernet. It
also supports PoE with separate PoE K#dardware Attached on Toplt includes fulsize HDMI,

four USB version 2.0 ports and a-@i@ General Purpose Input Output header. The Raspbian OS
that uses, is flashed in a 128 GB microSD card. The device is supplied by a 5Volts/2.4 Amperes
power supply. Its CPU is being cooléa the use of a connected fan. Due to the many cores of

its CPU, the Raspberry Pi 3B+ can process jobs in parallel logic, minimizing the time of the output
in comparison to a singleore CPU.

An even more advanced version of Raspberry Pi was used, the Raspberry Pi 4B with'4& RAM
consiss of a fourcore processor, the Cortek72, an ARMv8 6Mit architecture clocked at 1.5
GHz, with 4 GB LPDDR4wPower Double Data Rate4), 3200 MHz SDRAK&ynchronous

B3 hitps://static.raspberrypi.org/files/product
briefs/200206+Raspberry+Pi+3+Model+B+plus+Product+Brief+PRINT&DIGITAL.pdf
14 hitps://www.raspberrypi.org/products/
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DynamicRandomAccesdMemory). It uses the newest Raspbian OS in a flashed 128 GB microSD.

It is powered by a 5 Volt/3 Amperes DC power supply via aCJ&ble. It supports both 2.4 GHz

and 5 GHz IEEE 802.11ac WIFI, Bluetooth version 5.0, BLE protocol, a Gigabit Ethernet protocol. It
can provide up to 4K60 output via its duo mi¢d®MI. It also incorporates 2 USB version 3.0 and

2 USB version 2.0. It encompasses the-watwn 40 GPIO header and PoE.

NVIDIA Jetson NaHohas small dimensiondut a very powerful GPU, that supports parallel
processing of multiple thread neural networks, and can be implemented in areas like object
detection, classification of images, segmentation and sound processing (speech processing). It
consumes 5 Watts wheoperating, a very suitable device for IoT experiments. The OS it uses is a
modified version of Ubuntu 18.04 Linux, for operating specially in the NVIDIA hardware. The GPU
it incorporates, makes it special compared to Raspberry Pi, since it is idealdtelpaxecution

of code of applications related Neural Networks. Its dimensions are bigger than the Raspberry Pi,
more specifically: 69 mm x 45 mm, and has a heatsink and a fan in order to cool the sylssam. It

a 260pin edge connectqlits CPU is cloekl at 1.43 GHz, with four cores in the CPU (ARM A57),
its GPU makes use of 128res Maxwell, and also the RAM is a 4 GBIi64PDDR4 with 25.6
GB/s. In order to connect with other devices, it includes many protocols and ports, such as Gigabit
Ethernet, M2 key E, HDMI port, 4 USB version 3.0, GPIO, IZ8t&3$C Soun)] UART, SPSerial
Peripheral Interface The whole device is powered by a 5 Volts/3 Amperes power supply.

Google Edge TPU Coral Dev bdéis a circuit dedicated to specific application, better known as
ASICthat stands for Application Specific Integration Circuit. It was made by Google and operated

in cases where there is need to execute Machine Learning algorithms which are executed very
fast, using the interface of Tensorflow lite with velgw power consumption. Inference is
characterized as the period needed for tbe@mpletion of a process for provision by making use a
trained Machine Learning model. Goog@leral is a device for generplirpose processes related

to Machine Learning code. It uses the famd.inux Mendel OS, a DebibasedLinux edition. It
incorporates NXP I.MX 8M SoC (faare CortexA53, CortexM4F) CPU and a GC700 Lite Graphics
GPU, and the key processor for ML models is the Google Edge TPU coprocessor, able to provide 4
TOPS (dIrillion Operations Per Second), with a very low power consumption, equals to 0.5
Watt/TOPS equivalent to 2 TOPS per Watt. A-lweihvn example is the process of the MobileNet

v2 at about 400 FPS (Frames Per Seéanthe device includes 1 GB LPDDR4 RAM, 8 GB eMMC,

a microSD placket, a MIMQMultiple-Input and Multiple-Output) 2x2 version WIFI
(802.11b/g/nfac) which operates on both 2.4GHz and 5 GHz bands, Bluetooth version 4.2. It
includes a typeC OTGslot, a typeA 3.0, typeC power, micreB serial console and port supporting
Gigabit Ethernet. The Linux Mendel OS is flashed to a 128 GB microSD card. The whole device is
supplied by a 5 Volts/3 Amperes power supply.

Asiitis clear, the proposed approach does not useSBC, but four with different main processing
units. To be more precise, the Raspberry Pis use their CPU, the NVIDIA Jetson Narooits 128
GPU and the Google Coral its TPU. Before there is the description of the experiments, it is crucial
to analyze hovthe different main processing units operate.

15 hitps://developer.nvidia.com/embedded/jetsancdeveloperkit
16 hitps://coral.ai/products/devoard/
17 https://cloud.google.com/tpu/docs/beginrguide
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CPU is used for general purpose works, and it follows the von Neumann architecture, something
that means operating with memory and softwdfeCPUs consist very pliant units and this is their
huge benefit. The user can load and execute any script he wants, including various applications.
To give an example, a CPU can process simple spreadsheets, execute code related to robots,
purchase online @ods, control engines in a rocket, classify images using an ML model and many
more. The negative issue with every CPU is the fact the hardware on which is implemented does
not know a priori the calculation it will come next, but as soon as it read itCR\ds are using
registers, also known as L1 cache, so that they can store somewhere the results related to each
calculation. The most welkinown drawback of a CPU architecture is the von Neumann bottleneck.

A CPU makes use of its ALU (Arithmetic Logic8l, kiich is part of the processor, dedicated to
arithmetic and logic operations executed on specific words understandable by the machine
standing off as operands Moreover, it includes every type of functional sections such as:
operational logic, register for storing data and sequential logic. The ALU of a CPU includes parts
that can maintain and manage adders and multipliers, moreover only one calculation can be
processed every time. As a result, there is the need from the CPU to access the memory,
something that puts bounds on the throughput and consumes considerable amount of energy.

GPU is the essential mechanism in order to manage big amount of data in a computer capable of
handling general purpose operations or scientific operations. This is a reality because of the high
speed and performance that GPUs are encompassing in relaiitiude quantity of data60].

GPUs include the capability of utilizing high performance and speed in comparison to the
mainstream CPUs, both in memory and computational perspective. The cost of GPUs has been
decreased in a level that can be purchased by the average home user. Moriemie like CUDA

have switched their goal so that they can be used in demanding computing tasks, and of course
in applications related to generpurpose area. When the comparison between GPUs CUDA cores
and CPUs comes in the foreground, it is #kebbwnthat GPUs can realize floating point operations

in relationship to CPUs. As a result, GPUs can utilize very demanding parallel computations and
3dz0O0SSR Ay FTOKASGAY3I FINIOSGGSNI ALISSR F2NJ OSNI I A
basic rationa# is centered around MIMD logic, something that is analyzed to Multiple Instruction
Multiple Data. This means that every core operates independently to the rest cores, moreover for
different operations, different instructions are realized. A good approdcR SELJ 2A 0 Dt ! Q
capabilities is to compile code using a programming language close to the processor, or very low
level, as they are more widely known, such as C/C++. The famous CUDA (Compute Unified Device
Architecture) realizes and processes, most of tihees, scientific operations on the GPU. GPUs
excel CPUs when talking about performance, since they use SIMD instead of MIMD. SIMD is the
known Single Instruction Multiple Data. What happens in practice, is that tasks are handled by
more cores so thathey can execute floating point operations that basically guide to a rising
performance.

18 hitps://cloud.google.com/tpu/docs/beginrguide
19 hitps://dl.acm.org/doi/pdf/10.5555/1074100.1074135
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Table6 Comparison of the different SBCs used in the experind@#{g?2 23 24 25262728 20 30 31,

GPUs can maintain reliable dgtarallel computation when there is low latency in communication
information but increased compute/communication ratio. In general GPU RAM is considered as
fast element, it copies data from HOBlard Disk Drivefin the current chapter the proposed
storing device is the SD card) very quickly because their capacity is not so large. NVIDIA Jetson
Nano makes use of 4 GB RAM, something that covers the needs of the experiments that the
current chapter delegates. GenérBurpose Grahics Processing Units, better known with the
acronym GPGPUs, can process data using parallelism, as an alternatieffemtiste solution.

NVIDIA Jetson Narj61] can be programmed via JetPack SBiftware DevelopmentKit) and
optimized libraries targeting Deep Learning, Internet of Things, computer vision and embedded
mechanisms. Via the use of CUDA cores, the programmer can realize a very capable development
infrastructure for applications. Jetson Nano also includes aofi@&PU/CPU hardware aiming to

push the system the code on the CPU part and speed up the complex part of the code to the GPU
and the CUDA.

TPU is a kind of an accelerator that can be programmed. It is based on the linear algebra rationale
that can support optimization in Machine Learning c&d&his type of SBCs is not uséat
instancein online purchasesto control the engine of a rockety to control a robotic device, but

is great forMachine Learning classification problemat an intense speed comparing to CPU,
moreover, consuming less power and using constraint physical footprint. The crucial benefit of
TPU in comparison to GPUs and CPUs, is the fact thetrieases the von Neumann bottleneck.

The main job of a TPU module is the computation of matrices, also the rationale behind its design
is the knowledge of each step of calculation is it can a@tisinthat computation. The engineers

that designed the TPU, have input thousands of adders and multipliers and interconnect them in
order to build a huge physical matrix via the use of the operators. This kind of architecture is
named systolic array, anNB | f AT Sa (KS SESOdziaAzya 2F GKS ySdzN
operates as follows: Initially the TPU loads the parameters from its memory to the matrix of
multipliers it includes, then TPU forwards the output to the following multiplier while it gathers
the summation. The result is the aggregation of each multiplication output between parameters
and data without any memory access taking part. So, a TPU can introduce intense calculation
throughput linked to neural network operations through the use of f[mawer consumption and

small footprint®,

2.5 The basics of Machine Learning

20 http://web.eece.maine.edu/~vweaver/group/green_machines.html

21 https://www.raspberrypi.com/products/raspbepind-modetb/specifications/

22 hittps://www.raspberrypi.com/products/raspbepin8-modetb-plus/

23 https://www.elektor.com/raspberpi-3-b-plus

24 hitps://datasheets.raspberrypi.com/rpi3/raspbeird+b-plus-productbrief.pdf

25 hitps://magpi.raspberrypi.com/articles/raspbgaird-specsbenchmarks

26 hitps://developer.nvidia.com/embedded/jetsano

27 hitps://www.waveshare.com/jetsoiancedeveloperkit.htm

28 https://coral.ai/docs/deloard/datasheet/#features

29 https://coral.ai/products/

30 https://www.amazon.com/ELEMENElement14RaspberrnyPi-Motherboard/dp/B07P4LSDYV
31 https://www.raspberrypi.com/products/raspbepind-modetb/

32 hitps://www.amazon.com/NVIDIAletsoANanoDeveloperd45134530000-100/dp/B084DSDDLT
33 https://cloud.google.com/tpu/docs/beginngude
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With the rise ofcurrent state-of-the-art frameworks, Machine Learning and Deep Learning
through the exploit of Convolution Neural Networks, great success takes place in work projects in
the area of image processing and more specifically in image recogfiifibf63]. CNNs make up

a successful area in the field of image classification, combined with deep learning techniques, and
use of ReLU enabling functions, dropout levels and data augmentation. It is obvious that the more
analysis occurs in such networks, the moregessing power is needed and more daring the
learning procedure becomes. But, with a few suitable configurations on the realization part the
exploited resources can be optimized due to the necessity of being connected to IoT
infrastructure. In the currenthapter, the proposed approach does not use any {ugiver
computers, however, loveost SBCs are used, that include flexibility, consume trivial power
compared to high tech computers or Clouds, and can execute many threads concurrently.

2.5.1Convolution
Convolution is a calculation where 2 functions take part and the value indicates how similar are
those 2 functions. For example, fomndg the convolution is given by the following formulas (for

the discrete version):

e m ¢ 0O pandQa m & O p

"ZTQ ¢ ol 1TQi

The procedure of convolution can be defined in 2 dimensions or even more, however, the current
chapter delegates the 2 dimensions version, and this is applied in image processing. Below is
shown a 2Econvolution between a filter and a data function, aimiaigvalidating the likeness
between them:
Filter function:™Oi i m 1 Ywm @ Y p
DatafunctionOQ0 m Q dm 0 ® p

2D- convolution: 0z2"0 QU B B OQ i 0 {0 i
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Figure25a) How the 2Bconvolution looks liké62]. b) How Convolution with stride s = 2 sed®B]. ¢) A 3x3 max
pooling with stride (step) s =[82]. d) How a Fully Connected level looks [i&2].

(c)

The 2dimension convolution finds use in areas where there is need for image computation and

is also called as image convolution. An image includes the data fulftijiv] and accordingly

the filter or kernel, as it is better known, includes the functign[s]. The output of the 2D

convolution builds a feature map (matrix of the characteristics), whom role i®doh the

program stepby-step, through the training, the essential characteristics of each image. The

rationale is to learn, as good as it can, a set of images and then the Machine Learning model

outputs which image set fits optimal (from what it colleBte Ay G KS Ay Lddzdiisd CAf G SN
smaller in comparison to the size of the image (). Ag it is depicted iRigure25(a)for known

parts of the starting image that is fed by the neural netwoe} &nd @) that which have similar

size to the filter function, they are then multiplied with the kernel filter. The outcome is a

OKIF NI OGSNRAGAOAQ YI L an&hy)(of ekeyyQriuldphcStian. \WHers theNB & dzf G &
convolution gets high value, that means that the related chosen area of the image shows high

degree of similarity with the filtef62].

The computation of convolution is very demanding in resources and it is more intense as the size
of the image increases, because there is rise in the number of operations. There is possible
sacrifice of accuracy, related to how the model learns the charmtics of the image, but there

is gain in the time needed for the processes. The approached techniques are very mainstream
while there is decrease in the operations without significant loses in the end result. The first
solution is the implementation d2D-convolution in the initial image with a strideigure25(b)).
Thismethod results in dowrsampling, meaning a decrease of the sampled image, because it
collects strides evergpixels in every direction (horizontally and vertically). Slgéses the value

of the stride. Viadowsd I YL Ay3 GKSNB A& RSONBIAS Ay (KS AYIl 3
loss of information. So, the output is compressed data in the feature map (output). The result is
an image with smaller dimensions than theurn.

The initial stage of the CNN is the part where the convolution computation is implemented in
order to give the characteristics of the image related to the filter. Thus, the ML model is being
taught during the process of training. The following stage impletithe process of pooling that
includes a dowrsampling aiming to mitigate the time needed for computation and return useful

[87]



data that Neural Network will learn from them. In this stage a pixel representing a small area
including pixels is chosen in order to decrease the input sizeglme25(c), someone can see the
process of max pooling with stegp= 2 which stands for an image divided in a 3x8a using step

2, in every direction (horizontally and vertically). For every 3x3 area, only one pixel is selected, the
one that has the highest value. The latter procedure is called max pooling.

CNNs make use of convolution filters, with st& a2 (GKI G GKS& OFy NBIdNYy
characteristics. The layers are more widely known as convolution layers, and the special thing

about them is that between them pooling layers exist. As a result, eégampling is realized and

reduces the calculatio size, returning significant information of the image. Convolution layer

includesN filters and returns many characteristics of the given image, resultinyg fieature

matching. The part of the CNN that teg, it does so by one filter for every characteristic, targeting

on recognizing it in other images.

2.5.2Fully connected Layer

After collecting the outputs of the convolution layers and pooling layers, the next layer in a CNN
model is the fully connected layers, that blends their results. As it is depictedime25(d) it
includes the input neurons, the output neurons and the various weights. Its aim is to present the
bonds between the input and the output. Moreover, it implements the multiplication between
the matrix (storing the weights) and the input vector so pradgahe output. The logic of fully
connected layers is to put the original image based on a label or class. In order to compute the
weights, the fully connected layer of the CNN uses the idea ofjpagagation in order to define

the most precise weightsEach neuron aggregates weights and places in queue the most
appropriate class or label where the given image is classified.

Summing the above, as it is clear the convolution layegseatractors of features. Convolution
layers return maps of features, which characterize some area of the image@#juEach of the
layers builds a tensor (according to the step) and gives input to the tensor of the next layer.
Moreover, when all these layers end, the fully connected layers read the matrices (containing the
last characteristics) and then flatten them. Sbere is a transformation into onrdimension
vectors and they make an output vector witlvalues, withL being the number of labels of the
classes. At the final stage, a normalization method is implemented with the softmax layler; for

2. So, in every dimension the vector, which appears normalized, stands for the probability that
the fed image matches/belongs to the adjective class of images.

All the steps, presented below:

An image is fed to the Machine Learning model.

There is realization of many filters in order to create the feature maps.

Realization of the ReLU so that there is activation of the convolution layers.

Flattening in a vector (ondimension array), of the images after the last pooling layer.

Feed the output of the flattening layémto the fully connected layer input of the CNN.
Computation of defining the characteristics along the network culminates in the final fully
connected level. The latter outputs a probabilistic distribution for the classes via the use of
normalization.

= =4 =4 =4 -8 -4
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1 Training using forward and back propagation and many epochs, up to the point where there
is welldefined neural network with enough trained weights and feature detectors.

Input image Feature maps r\euv:)ﬂs
3 channels 1

1 40 409
96 ! e urons neurons
| _channels ‘ 384 384 256 _
i { — channeis w chmnels channels channels ' 1000
 ce— | {T22211 neu ons
i 1 ) 2%
i y -__ (7 1
i —
mxn 1Y 5x5 M zxﬁ — 33 33
|convolution | convolution (onvnlumn | convolution { convolution |
i i 13x13 6x
] 13x13 1 13x13 13x13 * 50”"10
| max 27x27 max max; pooling y function
227x227 poaiing ‘.,‘,_,,,,,,‘,_““,,K"B'_“,i ,,,,,,,,,,,, \ I
e

An_‘ ’Ej _'rL Lm_i Uflr'L[: : Weu;l«s of

fully connected layers

96 kemels 4 256 kemels 384 kernels 3 384 kemels : 256 kernels
1

96x5x5

3xiix1
convl + pooll conv2 + pool2 conv3 convd conv5 + pool3 fc1 fc2  fc3 softmax

Figure26 Scheme of the AlexNet neural netwdfe].

2.5.3Softmax functions and RelLU

ReLU constitutes the activation function of evepnvolution layer, given by the formula:
® a6 oo

There is need of an activation function, which will trigger to learn many connections between the
data, in order to make use of SGD (stochastic gradient descent) via the back propagation and also
for training the neural networkg4]. The softmax function is fed with a vectorkoiumbers and
indulges the latter using a probability distribution includikgorobabilities in relation to the
exponents of the initial numbers. So, after the implementation of the softmax function, the entire
number of values reside in the ranff® 1)and thesumof all values is 1 so they can be expounded

as probabilities. Consequently, grander inputs return grander probabilities. The crucial softmax
function which is used is given by the following formula:

.0 O a

for'Q phesdh”™ amsEn N g

The procedure of learning of a CNN follows the supervised process of learning via the use of
images for training and the related correct labels that the latter images reside to. The inputs are
supplied to the CNN per batch: per group of images. But thezesigns that urge someone to
optimize this part without deplete the memory, because many images are given in order to be
processed. The ML model used in the current chapter realizes one batch each time because the
SGD[65] mechanism, which is the mainstream approach in such kind of applications, has the
capability to be easily work in parallel in images of the same batch.
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2.5.4.Forward and Backward computations

Extending the analysis of the previoughgsented scheme related to the training, it is crystal clear
that it includes a route that requests the most of the processing time, so it becomes very crucial
for the CNN model to optimize time duration the best it can be. The idea of the current chapter
proposed solution is a CNN model built from zero and after many triesbden optimized, so

as to solve the amount of data fed in its input.

CNN learning period is separated in 2 parts:

i. Forward computation, in which for an input image, the forward process proceeds throughout
many levels of the CNN from the first to the last and gives back the result of the least layer.

ii. Backward computation, that gets the needed values that must be summed in the parameters
of the network, for instance weights, of the ending fully connected level via the computation
of the gradients.

When the update of parameters in the last layer finish, these values are brought to the previous
layers and this is the backpropagation. As a result, the parameters can be configured or change in
the backward processing level. The various gradients arguated with the logic of bringing the
smaller difference between the output of last layer, here is the fully connected layer, and the
actual value.

2.5.5Connection between Machine Learning and agriculture

Machine Learning and especidllgep Learning is quite a new technique for image processing and
contains many capabilities. It has been realized with signifisaotess to many areas, and one
such case is the agriculture. CNNs maintain a very serious role in applying many challenges
corresponding to production in agriculture area. Something very interesting mention in the
literature is the fact that success of AlIR model depends on a high degree on the quality of the
data chosen. This is very crucial in the -precessing stage, and will be analysed in a later
paragraph of the current chapter. There are metrics used that are presented below:

9 Validation accuracyilt shows the percentage of correct forecasting in the data
(validation/test).

1 RMSE (Root Mean Square Errdgual deviation between predicted and actual values.

9 Precision, Recall, F1 ScoFRarther in the current chapter precision and recall are
analyzed. The F1 score stands for the harmonic average of the precision recall values. For
multi-classification issues the F1 is computed in all classes.

1 Quality Measure:lt is computed by multiplying the sensitivity with the specificity.
Sensitivity is calculated as the percentage of the correctly identified pixels and specificity
meaning the percentage of identified pixels that are actually coi@sit

1 RFC (Ratio diie counted fruits)it represents the ratio of the assessed number of fruits
of a class as it is computed by the CNN model to the actual calculation that has foregone
from the writers of by specialis{67] [68].

1 LC (LifeCLEF metrithis has to do with the place of the correct elements in the list in the
list that contains the recovered elements in the LifeCLEf 2015 Challghige
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2.5.6Classification of images

The initial part for classifying images is that of-precessing of data and dataset, a computation
which is known as datpre-processing. The initial number of classes were 38 depicting leaves
diseases. But there was a limited number of classes that included very few images or there was
only a single depicting a leaf, so they were deleted due to the fact that they did netcadd
something precious to the whole experiment. So, only 33 classes with diseases for leaves were
maintained. It was observed that the class which contained the less images included only 152
images and other classes included more than 2000 images. Thasogeneity could output
significant wrong results, if there was a try towards this training. Because of the fact that there
would be total unbalance to the dataset and it could not learn to make a decision on related
classes that include few images, so fites were uploaded on Google Colab and through the use

of python scripts at maximum three times the number of images were maintained for every class.
The latter was based on the number of images that were found in a class with the least images,
that in this approach were 152 images in the class. With this rationale, the classes included at
maximum 3 * 152 = 456 images per class. That happened because there was need to have a
balance to all the classes and not affect the model with imbalanced classes.tfibdrining

part took place, along with the help of google Colab. In order to achieve this, there was used the
google drive auxiliary to the Colab. Starting with, the Machine Learning model was built, in which
there were configurations in issues sucttlzes parameters of the layers. Concerning the accuracy
part, it computes the number of rights estimations of the algorithm, in respect to the whole
number of estimations. Two metrics, in addition to all the previous described metrics, were used.
These weré¢he Precision and Recall, and the target is to approach the urds(ijuch as possihle

So, the extra metrics are the following:

. or
N1 QeI Qe
on n
where:
1 tprepresents tharue positiveand equals hit,

1 fprepresentstalsepositiveand equals false alarm

The other extra metric is the following:

Recall =

where:
1 fnstands forfalse negativeand is equal to miss

The loss function represents the categorical cross entropy, and it is used along with the softmax
function. The latter is triggered in the last Dense layer. Via the use of this loss function the ML
model outputs a probability for every image for belongingeach of the labels. When there are
many classes to be classified, the labels arelootethus each image has 1 in the label that suits,
and 0 to all others. Only this value can be used for the loss computation.

Because embedded IoT modules were used, there should be a solution in order to decrease the
RAM usage. If all the images were used at once at the beginning of the processing, there would
be a rapid increase of the RAM needed. Thus]itegeData Generatawvas used. The solution

of data augmentation was followed by increasing the available data and not their number. In all
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the training epochs, after the initial epoch, all images were transformed randomly, as happens to
a common image that can be captured by an ordinary camera and could have horizontal rotations,
vertical rotations, could have a slope, differentiation in btigess, channels could have been
shifted, maybe have zoom etc. So, those differentiations in an image approach better a common
captured image and the ML model with various imperfections can include all these and not learn
just from perfect supplied images

5dz28§ (G2 GKS 3ISYySNId2Nna OF LIl oAtAGe G4KS AYIF3ISa 4S5
resulted in conserving memory by computing smaller groups of images every time. For example:

8, 16, 32, 64 per time. When the processing was finished the images removed from the

memory.

Next was the period of fitting the model by following the validation loss. The latter loss is the loss
for the validation set, that was described in a previous paragraph. It estimates the train of the ML
model. The epochs were configured to 27 epochs thithfollowing results:

i. validation loss: 0.3256

ii. validation accuracy: 0.9001

iii. validation precision: 0.9235

iv. validation recall: 0.8596

The results were satisfied, since the ML model had to classified among 33 classes, where the
number 33 is not considered small for such type of computations.

After that, the prediction part took place, and 2 choices of loading data were used. The first was
to use auxilianpillowlibrary, and load the images one each time (and after that the part of the
provision of the trained model took part). The second choice was via the use of
ImageDataGeneratoand feed the ML model using batches (then the classification took place).
By using generators there was serious acceleration on the prediction period. It should be noted
that Google Coral TPU did not suppdensorow package. InsteadiensorflowLite was used. All

the results of all the SBCs are analyzed to the following part.

2.5.7 Analysis of the various experiments with the use of SBCs

The following outputs were measured on the four different Single Board Computers by using the
built ML model and use it in the inference:

1. current, measured in mAmperes

voltage, measured in Volts

power consumption, measured in mWatts

CPU usage, measured in percentage (%)

memory swap usage, measured in percentage (%)

temperature, measured iPC

ook wWN

In order to process better the image classification in the four different 10T devices, the python
library Pillowwas used with the aim to supply each time one image, thus, saving RAM memory.
However, this tactic makes the process of inference more time consuming. Also, it refers to the
process of making use of supervised trained algorithm the ML model in order tugeo
predictions. All the measurements for the CPU usage, RAM memory, Swap memory, and for (the
internal) temperature of each device were rizald via the python librarpsutil. All the previous
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measurements and the data were provided in a format that could be edited or stored,csv

file. For measurements related to power consumption, and current draw, a special measurement
device was used by the researchers of the Diffused Intelligence Lab. This device was capable of
datalogging voltage values, current values and power coniompalues with frequency equals

to 10 seconds. The frequency of the measurements can be easily adjusted to the one that the user
desires. By monitoring these parametersomeone can have an overall picture of the power
consumption, something very essential since the experiments are taking place to 10T devices with
many constrained resources, such as: power, CPU, RAM, bandwidth, etc.

In Figure27, it is obvious that the more powerful device, can also exploit this characteristic.
Google Coral TPU that makes use of the ML accelerator can succeed in completing the inference
part in the same time duration as the Raspberry Pi 4B, where the latter gracssas more RAM,

4 GB against 1 GB. Jetson Nano, at the early stages of the operation needs serious amount of
power, but then it falls to more normal amount of power, an indication that it loads dynamically
the tensorflow library at the start, so it needsore CPU resources. Another issue is the fact that
classification (prediction) operation was implemented with the same dataset in all devices, which
has consequences as using 20% of the starting number in every category and of course the output
value was isnilar.
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Figure27 CPU usage using the Pillow library

The diagrams ifigure27 show that Raspberry Pi 4B finished the task in around 244 seconds, very
close was the Google Coral with 253 seconds. Jetson Nano finished its t&8ksatc@nds and
Raspberry Pi 3B+ finished its task 3 4econds. The proposed model includes a mean accuracy
of more than 90%, but two classes, Tomato Septoria Leaf Spot and Tomato Late Blight, hit score
of 50%.

As depicted irFigure27b +L5L! WSGaz2y bly2 YIFI{1Sa dzasS 27
comparison to the two RaspberfRRaspberry Pi 3 (38%) and Raspberry Pi 4 (40%)). This is a sign
that NVIDIA Jetson Nano uses basically its GPU power in order to accomplish the various
commands that was been given through the python code, with the corresponding ML model. On
the other hard, the two Raspberry Pi use as a main part their CPU in order to execute the python
code, and this is the reason why they use more CPU resources in contrast to the NVIDIA Jetson
Nano. Another clue, coming from theigure 27 is the fact that Google Coral Dev TPU
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demonstrates the same behaviour as the NVIDIA Jetson Nano, meaning that it makes use less CPU

power. But the latter occurs for a different reason. Google Coral TPU exploits its ASIC module so

GKFG AG OFy YFEyLF3aS | yR SESOduiiadds ihat Sre ligked\td thedza  LJR (i K 2
tensors. The concept is that Google Coralioaprove the parts of the code which are related to

tensors, with a serious number of tensors, since the python script uses Tensorflow Lite package,

so there is no need to take adwvage of its CPU power. This is the main reason for using only 25%

of its CPU instead of 38% and 40% used from the Raspb&anii4.

l'a a2YS2yS OFy 206aSNBS FTNRY (KS [fDweadhbctusaBy 2 2 N ¢ &
of 93,33%. The researchers [i#i] reach the following accuracies: for the disease | OG S NA | f
CEAIKGEY ypIydzs F2NI a! fGSNYEFNRFEE ynZcem:T F2N af
GCdzal NAdzy 2 Af €& yHZo printhe/reseafc? Warkse]lth® reearéhérs f ST F¢ y
state that they hit the following accuracies:

i) for ReLU, 7x7, testing accuracy 95,7 %, in 51 minutes

i) L-ReU, 7x7 testing accuracy 97,3%, in 53 minutes

iii) L-RelLU, 11x11, testing accuracy 98,0%, in 54 minutes.
As a last commernin [53], the authors claim that they reach 97% accuracy. So, from the above
accuracies, the mean score is about 89,17% which rationalize the current outputs and the claim
GKS &l 02dzi g ¢ -thiveshold.y F OOSLIESR a02NB

In Figure 28 someone can see that the 2 Raspberry Pi use more their CPU power for each
computation, while the NVIDIA Jetson Nano and Google Coral Dev TPU uses less CPU power due
to the fact that they use more their accelerators, and more precisely the CUDA cores Jetson

and the ASIC module for the Google Coral.

Average CPU usage

CPU usage

0% 5% 10% 15% 20% 25% 30% 35% 40% 45%

Raspberry Pi 4B Raspberry Pi 3B+  MNVIDIA Jetson Nano M Google Coral Dev TPU

Figure28 CPU usage of each SBC, demonstrated in percentage.

Observing the images of the 2 categonmentioned previously, Tomato Septoria Leaf Spot and
Tomato Late Blight, someone can understand that the errors which occurred, are the outcome of
the fact that the images are similar and the extraction of different characteristics was not easy,
thus, the &curacy is 79% which was less than 90% (mean accuracy). Data augmentation was
used however, these kinds of problems are not easily excelled, because of the small number of
images used during the training period, moreover when there are 33 classes deificition
without connecting similar categories.
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Figure29 Accuracy for each class.

As far as the issue of identical images is concerned, and the considering problems that caused,
because the output of the discrete characteristics is difficult, one solution could be the usage of
more images per class. The current work used 33 classe#gniala serious number of classes

for the scope of our experiments and the linked hardware used, however tagésiexploited in

every class was not so big, and as a result they cause problems. To be more precise, the Tomato
Early Blight class containedslar images, which is the reason for reaching 79% accuracy,
significantly lower than the consent threshold of 90%, as claimed in previous section, for the
current work.In Figure29, the differences among the accuracies achieved for each class can be
observed.
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Figure30 Inference duration for every class via the use of Google Colab.

The diagram presented inigure30 shows the times needed for processing every class by using
Google Colab. Comparing Raspberry Pi 4B, Jetson Nano and Google Coral with Google Colab, the
time needed is 8imes more and on Raspberry Pi 3B+ the time isirh@s more than the time

needed is Glab, which is also depicted fiiigure30, Figure31. The smaitime differences for each

class are the outcome of the size of images, since the accurate same number to all classes was
not available but a difference of 43 images for each class. The result is depicted so that someone

can compare the tremdous capabilities of the Colab VM Cloud against the constraint resources
SBCs. laigure31and Figure32 is depicted the RAM usage in MBytes and in percentage.
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Figure31 Used memory with Pillow, depicted percentage.
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Memory Usage
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Figure32 Memory usage depicted in MBytes when Pillow is chosen to operate.

Jetson Nano needs a lot of RAM memory, while the other three devices need no more than 500
MB. More specifically, Raspberry Pi 3B+ needs lower than 50% of its total RAM memory, Google
Coral does not need more than 30% of its total memory, and finally Reg®i 4B does not use

more than 15% of its available RAMFigure32, Figure34, it is more than clear that Jetson Nano
uses GPU in most of its processing time for compute the various operations, which are energy
hungry.

In Figure33 someone can see that NVIDIA Jetson Nano makes use more of its available RAM,
where 4 GB RAM is its total memory, then follows the Raspberry Pi 3B+ (with 1 GB total memory)
and then Raspberry Pi 4B (with 4 GB total memory). All the above in real numdnedsfat the

following: NVIDIA Jetson Nano uses 3,2 GB RAM, Raspberry Pi 3B+ uses 450 MB RAM, Google
Coral uses 300 M@/ega ByteRAM and Raspberry Pi 4B uses 600 MB RAM.

Average Memory Usage

Memory usage

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%

Raspberry Pi 4Bm Raspberry Pi 3B NVIDIA Jetson Nana Google Coral Dev TPU

Figure33 Memory usage of each SBC, depicted in percentage in contrast to its total available memory.
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Figure34 Internal temperature of the SBCs when Pillow is used.
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InFigure35someone can see that NVIDIA has the least temperature while working against all the
4 SBCs. The latter occurs since it uses a large heatsink and a bigtdenfére other 3 SBCs.
Google Coral Dev TPU, cannot manage the increased temperature of arod8daéd reaches

the most temperature of all the 4 SBCs. The two Raspberry Pi reaches aroithdd@50C and

although the fact that both SBCs contain fans and heatsinks operating continuously, they do not
seem so effective in reducing tieat

Average Temperature

e o ———

0 10 20 30 40 50 60 70

Raspberry Pi 4B m Raspberry Pi 3B+ mNVIDIA Jetson Nano  m Google Coral Dev TPU

Figure35Memory usage of SBC, depicted in percentage in contrast to its total available memory.

Concerning the temperature measurements, Jetson Nano maintained low temperatures while
operating, maybe because of the very good cooling system it encompasses: a largskeatd
a fan. However, Google Coral measured with high temperature, which ligeki tontrolled it
because the embedded fan did not operate of the time, but was triggered and paused when
needed.Figure36depicts the temperatures for all the SBCs. All of them are supplied with 5.1 Volt

DC, although ifrigure36 only the current draw is presented. The power supplied to each SBC is
given by the following formula:
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P(powe(mW)) =5.1(Volt) @(Curren{mA))

As someone can observe all the SBCs apart from the Google Coral need 1000 mA current with a
few numbers of peaks more than 1350 mA while the other values maintained above 800 mA.
Google Coral because of its architecture manages values without a lotarfisesiwhen drawing

current, and as someone can observe it is below the related current measurements of the rest of
the devices.
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Figure36 The current that each device needs when ugtilgpw.

In Figure37, it is observed that NVIDIA Jetson Nano consumes the most energy of all the 4 SBCs,
and this is something reasonable, since it isWetwn that GPUs need a lot of power to operate.
The latter is one reason that scientific community uses also modulds asIASICs or more

generally (FPGAsField Programmable Gate Arrdfsthat can speed up the process using low
power.

3

4 https://inaccel.com/studio/
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Figure37 Average currentonsumption of each SBC, presented in #Aitfiperes.

Using generators has also consequences to the prediction period, apart from the training period.
The images are loaded per batch in the model. They are processed in groups, such as: 2, 4, 8, 16,
32. For the implementation of the various experiments, preéedrin the current chapter, only
Raspberry Pi 3 and Raspberry Pi 4 and not Google Coral TPU where used, because the latter does
not provide support for the common tensorflow, $mageDataGeneratocould not be used,
because it is part of Keras library. E®is an opetsource library that supply python interface for

the ML model. It is an interface for tensorflow package. Apart from Google Coral TPU, nor Jetson
Nano was exploited due to the fact that the OS it encompasses did not support that operation. In
the experiments, batch_size equals to 2, 4, 8, 16 images as used, and batch_size = 32 only for the
Raspberry Pi 4B was used, showing better results in the execution time. In the following Figures,
one can observe decrease in execution time and more needdmputational resources, while
increasing the batch size. igure38, the results fobatch_size= 2 are depicted.
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Figure38 CPU usage, with ImageDataGenerator and batch_size = 2.
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For batch_size = 2, nothing notable was noticed, except for the fact that Raspberry Pi 4B can
operate faster. Below, theesults for batch_size = 4 are presented.
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Figure39 CPU usage, with ImageDataGenerator and batch_size = 4.

In Figure 39 what someone can observe is the fact that Raspberry Pi 3B+ showed improved
execution time in respect téigure38. Also, Raspberry Pi 4B bettered its time for 80 seconds,
something quite notable in respect to the total amount of time. Below, the diagrams for

batch_size = 8 and batch_size = 16 are presented.
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Figure40 CPU usage, with ImageDataGenerator and batch_size = 8.

In Figure40, which presents results for batch_size = 8, sh@all improvements notable but the
whole picture stays the same &m Figure 39. In Figure 41, someone can See a Serious
improvement in the time needed for the execution for both Raspberry. The reason is that the

similar rise in the number of images results in a miigaof the recursions, which is reasonable
since the algorithm realizes less iterations on the execution part.
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Figure41 CPU usage, with ImageDataGenerator and batch_size = 16.

Figure42, Figure43, Figure 44, Figure45 depict the RAM behaviour in percentage for both

Raspberry Pi 3B+ and Raspberry Pi 4B, whétieased6, Figured 7, Figured8, Figure49 present
the memory behaviour in MBytes
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Figure42 Memory usage in percentage, with ImageDataGenerator and batch_size = 2.
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Figure42 and Figure43, indicate that RAM usage for the Raspberry Pi 3B+is maintained at high
level, around 90%. The initial idea was that the Raspberry Pi 3B+ could not finish the operations
because of the extra load. However,the following figures it will be obvious that apart from
borderline usage of RAM, the more memory that is necessary, it was enabled. The Raspberry Pi

4B did not have any issues as happened with the Raspberry Pi 3B+. The former achieved RAM
usage oB0%- 40% in order to realize and accelerate the computations.
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Figure43 Memory usage in percentage, with ImageDataGenerator and batch_size = 4.
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Figure44 Memory usage in percentage, with ImageDataGenerator and batch_size = 8.
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Figure45Memory usage in percentage, with ImageDataGenerator and batch_size = 16.

Below, are presented the results on memory usage in MBytes.
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Figure46 Memory usage iMBytes, with ImageDataGenerator and batch_size = 2.

Figure 46 and Figure 47 depict the RAM usage measured in MBytes for batch_size = 2 and
batch_size = 4. Raspberry Pi 3B+ needs about 800 MBytes (out of 875 MB total available).
Raspberry Pi 4B needs more MBytes due to the fact that the total available is around 4 GB. Thus,

the Rapberry Pi 4B is a significant powerful loT SBC, something easily seen from the operation
time of process.
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Figure47 Memory usage in MBytes, with ImageDataGenerator and batch_size = 4.
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Figure48 and Figure49 demonstrate the usage of memory in MBytes in two very demanding
tasks, related to batch_size = 8 and batch_size = 16.
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Figure48 Memory usage in MBytes, willmageDataGenerator and batch_size = 8.

The feedback that someone can get by obsenvingure 48 and Figure 49, is the fact that
Raspberry Pi 4B operate better than the previously mentioned results, considering that it is fed
with 8 and 16 images, needing 1250 MBytes and 1500 MBytes RAM. Raspberry Pi 3B+ gives the

impression to be stressed because of the more loaghmended to it.
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Figure49 Memory usage in MBytes, with ImageDataGenerator and batch_size = 16.

As it is clear from th&igure50, Figure51, nothing special is observed. Raspberry Pi 4B seems to
have increased temperature in its CPU, when operating. For batch_size = 2 and batch_size = 4

Raspberry Pi 3B+ was around@9while Raspberry Pi 4B measured betweeiC4b 55C.
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Figure50 Temperature of both devices with ImageDataGenerator and batch size = 2
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Figure51 Temperature of both devices willmageDataGenerator and batch size.= 4

In Figure52 and Figure53 the results for batch_size = 8 and batch_size = 16 are displayed. It is
notable that Raspberry Pi 3B+ stays &iCHhcluding few spikes in the end, as a matter of stressing
both RAM and CPU usage. For Raspberry Pi 4B, it is worth noticing that it begins normal but it
ends a bit stressed.
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Figure52 Temperature of both devices with ImageDataGenerator and batch size = 8
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Figure53 Temperature of both devices with ImageDataGenerator and batch size = 16

Concerning the current per batch size, the idea that comes out from the different experiments is
that the bigger the batch size, the more stressed the SBC, which has consequences to the power
consumption. At the beginning the average value of the curieatound 1050 mA for batch_size

= 2 and rises to around 1200 mA for batch_size = 16. These numbers are for Raspberry Pi 4B. For

Raspberry Pi 3B+ the numbers are even higher-idnire 54 it is observed many spikes for
Raspberry Pi 4B but fewer for Raspberry Pi 3B+.
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Figure54 Current draw in mA of both devices with ImageDataGenerator and batch size = 2
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Figure55 Current draw in mA of both devices with ImageDataGenerator and batch size = 4.

When the batch_size = 4, it is more than obvious that theeetiny rise in current draw from the
Raspberry Pi 4B at around 1200 mA. Raspberry Pi 3B+ begins to stressed where the spikes hit 1500
mA. It is clear from thé&igure56, that for batch_size = 8, there is a small rise in the current for

the two Raspberry Pi.
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Figure56 Current draw in mA of both devices witmageDataGenerator and batch size = 8.
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In Figure57 a serious difference between the two can someone observe. When the batch_size =
McX | (GAye&@ NRAS Ay OdNNByd RNI g Ay NBaLISOI
than 1700 mA for more than the half of the time, while Raspberry Pi 4B dnawmad 1200 mA.
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Figure57 Current draw in mA of both devices with ImageDataGenerator and batch size = 16.

In Figure58it is displayed the way the Raspberry Pi 3B+ and Raspberry Pi 4B make use of the
batch_size in alternative sizes and the way every device is compared to its own for certain
executions using the Pillow scheme. For instance, Raspberry Pi 3B+sdhtpuateasurements
shown inFigure58. It is crystal clear that if someone needs to earn time in the execution part,
more resources are needed, especially for batch_size = 16.
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Figure58 The CPU usage of Raspberry Pi 3B+.

In Figure58 and Figure’s9, the following can be seen: the CPU behaviour and the RAM memory
behaviour as far as the Raspberry Pi 3B+ is concerned, for various executions. Someone can
identify that the usage of the custom choice, where the images are fed one each time, without
the use of extended computational resources in order to achieve the desired output. Via the use
of ImageDataGeneratathere is an appropriate use of images per batch, thus the processing of
every group decreased in a borderline in execution time.
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Figure59 Percentage of RAM memory usage while using Raspberry Pi 3B+.

In Figure60 someone can see that the values for memory usage in MBytes have similar
appearance to the diagram showing the percentage using memory RAM.
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Figure60 Slze (in MBytes) of RAM memory usage while using Raspberry Pi 3B+.

Figure61 presents the additional need as an output of bigger size group when loading images,
due to the more need for memory. Raspberry Pi 3B+ needs the double size, thus, it uses 750 MB
Swap, in order to finish the computations in a demanding task.
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Figure61 Slze (in MBytes) of Swap memory usage while using Raspberry Pi 3B+.
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Figure62 Temperature behaviour of Raspberry Pi 3B+.

As it is observed there a significant difference that occurs between the execution for batch_size
= 16 and the rest batch sizes. As far as the temperature is concerméglire62 there was no

strong outcomes, apart from the fact that for batch_size = 16, the time looks like to be separated
from the other batch sizes. Concerning Raspberry Pi 4B with batch_size = 32, it succeeds in giving
better results, thus it seems to exploit tsrdwarebetter.

[111

































































































































































































































































































































































































































