SSRGInternational Journal dlectrical and Electronics Engineering Volume 10 Issueb, 87-101, May 2023
ISSN: 248-8379 https://doi.org/10.144438488379JEEEV10I5P109 © 2023 Seventh Sense Research Gfoup

Original Article

Customized loTHardwareand Artificial Neural
Network-AssistedSystem for Prediction of Solar
Radiationand Wind Speed

Pooja Malik, Praveen Kumar Malil Rajesh Singh, Anita Gehlot, Shaik Vaseem Akram

!School of Electronics and Electrical Engineering, Lovely Professional University, Phagiariab, India.
Division of Research and Innovation, Uttaranchal Institute of Technology, Uttaranchal University, Dehradun,
Uttrakhand India.

ZCorresponding Author srajssssece@gmail.com
Received08 March 2023 Revised:16 April 2023 Accepted:10 May 2023 Published29 May 2023

Abstract- Renewable sourcemre essentiain fulfilling affordable, clean, and sustainable energy requireme@tmsistent
wind speed forecasting and accurate solar radiagadiction are required to minimize economic losses and enhance the
security of power usag®redicting solar radiation and wind speed is difficdlte to their uncertain behaviour. Motivated by
these aspects, this study implemented an Internet of Things (IoT) and artificial neural network (ANN) based system for
predicting solar radiation and wid speed. Initially, 10T and loagnge (LoRa) enabled hardwaneas developed for
obtaining realtime data. In this study, customized hardwares developewith the amalgamation of LoRa, Wl and many
sensors. Solar grid and windmill sensor nodes arstomized hardware deployed to collect #tyale data to create datasets
that predict solar radiation and wind speed usiwind speedsolar radiation, humidity temperature, voltage, and current
parameters. For the prediction, in this study, we have eyepl the ANN techniqueise., Levenberg Marquardt (LM) and
Bayesian regularization (BR) methods. We have found tleapitbposed ANN frameworsing the LM algorithm provides
accuracy in the prediction compared to the BR algorithm with less root mearesgjuar (RMSE)mean square error (MSE),
fast convergence speed, amdre significanCorrelation coefficient (R).

Keywords- ANN, 10T, LoRaRenewablenergy,Solarradiation, Windmill.

1. Introduction to 2020, where it concludes that there is a rise in wind power
The United Nations (UN) sustainable development goal§istallation from 24 @ (2001) to 743 GW (2020) [8]The
(SDGs) 676 ensure uni ver s aSfumuiveiastalled splay energy £apacity faqm 2@01 to 2020 | a
renewable and moderized energy for all by 2030 [1]. To where describes that solar energy capacity increases per year
expand energy access, it is crucial to enhance enerdtem 0.90GW (2001) to 707.50GW (2020) [9].
efficiency and invest in renelwke energy such as solar,
wind, and thermal [2]. In additirusingrenewable energy Now, India is the third largest renewable energy
contributes to climate change mitigation and disaster riserodue@r in the World. Indiaimsto generate about 500 GW
reduction. About 11% of the/orld's electricity will provide ©of renewable energy capacity by 2050. In Indenewable
by solar energy according to the International Engg  energy resources install 40 per cent of electricity capacity
Agency (IEA) by 2050 [3]. About 1458 MWof total power ~ Figure 1 represers the Installed capacity ofnon
capacity was installed by renewable energy ak96® [4] In  conventionalenergy resources imdia till 2022 from solar
2019, about 11% and 22% of the total enegpnerated 48.55 GW (31%), wind 40.03 GW (25%), small hydro 4.83
annually is from wind and solar [5]. The utilization of GW (3%), large hydro. 46.51 GW (30%iopower 10.62
renewable energy has increased by about 4.4% in the decd@¥/ (7%) and nuclear 6.78 GW (4%). Our coufsttgrget is
from 2009 to 2019 annually [6]. Generally, Indiainhg  to achieve zero emissisf greenhouse gases by 2070 by
utilizes coal for power generation, and to minimise carbortsing norfossil fuel resources [10].
emissions, India initiated to implementatiorenewable
erergy. By 2030, India aisito produce 60GW of electricity Many parameters such as grid frequency, the output
from wind and 100GWrom solar power [7]There isan  power of wind turbines, voltage stability and stable operation
increase in the cumulative capacity of wind power from 2000f power systems are affected due to the fluctuations in the
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wind speed.Hence, these parameters mainly depend upon The article's structure is as follows: Section 2 exmain
accurate wind speed prediction [11]. The variation in theéhe work for predictingsolar radiation and wind speed using
temperature and changes in air pressure in different placédNN & [0T, and section 3presens the ANN model. In
also affected wind speed. Wind speed becomes faster wheaction 4 we discussed the system architecture. Section 5
the pressure difference is increasedifferent seasons covers hardware descriptiorBection 6 covers hardware
conditions, such as summer, winter, spring, and autumnmplementation with resultsand the conclusion and future
have different sources of wind energy [12]. Similarly, solarwork areexplainedn Section 7.

emissions depend on various parameters like solar elevation

angle, the incidence angle of sunlight and the sun's heiglX Related Work

above the horizon and daytime. The elevation angle is zero  ANN is important for wind energy prediction for
after sunset and before sunrise; hence solar radiation {gstainable  development and power generation.

absent at that time [13]. Environmental parameters depend upon each other, and they
have a correlation coégient between thepsuch as monthly

Sometimes  predictions go less accurate due tQind speed and atmospheric pressure havelation with

insufficient datasets, inefficient prediction metBodand  each other but depend upon location. Solar radiation received

systemdt errors [14]. A reatime system and an effective on Earth depends on various factors suah altitude,

ANN algorithm are necessary taccurately predict wind Synshine duration, daytime, Atmospherandition, latitude,

speed and solar radiationn previous studiesmost are  dust particles, clow aerosols, humidity temperature,

highly focused on adopting the available data for predictiomyressure and cloud cover. These factors erghaagation in

[15]. However, applying predicin to reaitime data enables solar radiation. Solar radiation decreaseshatpoles and

one to take immediate action as the daaupdated jncreases withaltitude increasefl8-19]. When temperate

continuously. Motivatedy these aspestthisresearcraims  and average solar radiation increasalar power generation

to implement an IoT eeeystem at the solar panel and jncreasesHowever, solapower is not much more depemt
windmill to obtain reatime data through sensors connectedypon the change in wind speed [20].

to it and predict the soland wind speed depeingd on real
time data [1617]. In this study, welesigned a lovcost [0T- Many equations ahmethodswere used to measutke
based customized hardware for reale solar radiation and daily and monthly wind speed and solar rédia
wind speed prediction. Wemplemented ANN techniques Hargreavesmethod of empirical equations, ANN method
i.e., the LM and BR algorithms Algorithms applied on real [21]" and multilinear regression (MLR) method were
time data for improving accuracy of prediction. BY predicting solar radiation. When parameters suclexsa
comparing both models, the LM model generates bettegrestrialradiation & the square root dfie daily difference
results with minimum eors and faster speed. Thignificant i temperatus were ugd in the MLR and ANN techniques,
contribuion of this workis stated afollows: the accuracy was improved [22[he alaptive neurgfuzzy
modelis used to optimize the design of wind farms and wind
{l Proposed architecture for customized hardware with solagrbines. ANN is used for fault detection in a wind turbine
sensor node, windmill sensor node, and gateway based @fith more excellentreliability and maintenare planning
LoRa. [23].
9 To develop an ANN desigtior solar and wind speed
prediction. ANN technique has given better performance and
7 To apply an efficient LM algorithm &R algorithm to the  accuracythan the linear and nofinear regressiommethod
input environmental parameters for accurate, fast, stabli®r wind speed forecastirig4]. NAR and NARX models are

prediction with minimal errors. the two ANN techniques that performed better than the
persistence method for wind speed predictibhe NARX
4% 3% method givesa low mean square error and accurate results
compared to the NAR model [25]. Hybrid methods provided
@ Solar more stability and improved accuracy than individual
I Large Hydro forecasting modelf26].
BWind Hybrid models of Recurrent Kalman Filter (RKF),

O Biopower Wavelet and Artificial Neural Network (WNN)and Time
Series (TS) provided wind speed prediction improved
accuracy of the completiorecasting system [27]. A single
OSmall Hydro ANN technique does not give better resuhan a hybrid
ANN model. A Hybrid method improvethe stability of a
single ANN model for longerm andshorttermwind speed

O Nuclear

Fig. 1 Installed renewable energy capacity in India, 2022 [10]
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prediction. The Hybrid generative adversarial network  Different sensors and control units are usgdneasure
(HGANN) framework is used for ultreshortterm wind and controlenvironmental parameters. Depending upon the
speed forecasting to improve generalization problems, application, we are usingjfferent sensors and control units.
increag prediction power, minimize computational cost, andloT technologybased systesareused for checking the state
reduce error convergence [28]. of wind turbines and finding the faults in wind turbieg33].
loT-based systems can increase power tegald improve
A hybrid modelof particle swarm optimization (PSO) the efficiency of power systemn Using IoT, things are
and Extreme Learning Machine (ELM)predicted daily conneced through the internet. In loTthe technology
global solar radiation asssociatedwith the other ML consists of sensors, protocols, nanotechnology, and
algorithms such as extreme learning machine, SVM, Mintelligert technology. We can achieve brilliant work,
model tree, autoencoder and generalized regression neutedcking, and monitoring through this technoloynovative
networks [29]. ANN models such as cascaftedard neural loT-dependent muitoring system for power generation
network (CFFN), Elman forward neural network (EMNN) improves reliability and stability [34].
and Feedforward neural network (FFNB)e employed to
predict global horizontal irradiance prediction. These models 10T technologyis applied for wind prediction with the
provided better prediction with more accuracy and leséelp of a wireless sensor network (WSN). The input
RMSE, MBE and MAPEerror than the satellite data. parameters of windre collected in redime, and prediction
is made usng accurate data. Data parameters such as
FFNN was found better performed forthe daily  pressure, humidit temperatureand wind directiorareused
prediction of global horizontal irradiance (GHWNvhereas for prediction. So that powes predicted more efficiently
EMNN performed better for monthly and annual predictionand accuratgl [35]. Data transmissioris also done by
of GHI [30]. ANN implemented with the combination of ZigBee technology. ZigBee technology has low energy
long shoriterm memory (LSTM) anatonvolutional neural consumption, but its range is small, i.e. 10 to 100 m. LoRa
network (CNN) for estimating hourly worldwide solar also hasa low power consumptioibut its range igxtensie
radiation for East and North Africa provided minimum errorcompared to ZigBee.e. urban areakave 2 to 5 kmand
and long-term computational dependency. The hylEZiN-  suburban aresis 15 km Therefore, we are using LoRa for
ANN model provided thdest result for Southe, West, and transmission. Wireless communication is better than wired
Central Africa [31]. TheeSTM model designed witlgenetic = communication as it is cosfffective and does not have
algorithm (GA) and attention mechanism (AM) gave limitations of distance range [36]. We have used loT
accuracy in prediction and speed of the model. The AMlatforms for prediction because it providé® best choice
determines the attention degree of various features. The Giar selectingreliable and cosgffective technology for our
providedan optimal solution, and the LSTM model reduces application. We have used reahe analyticsto provide
problems such as slow parameter updatel too long visualisationusinga cloud server. Cloud computing used is
training time [32]. the combination of two servicesnternet and processing
senices. We use cloud computing to process big data and
complex computationf87].
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After reviewing many research papers in Table 1, weoutput. It consists of one input layer of four neurons. Input
have observed that artificial neural network models enhangearameters are temperature, humidity, pressure, sunrise,
reliability, accuracy, stability, and system optimizationsunset, and wind diction. Two outputs are solar radiation
compared toother models. It helps to detect faults andand wind speed. There is one hidden layer shoviigare 2.
minimize errors in solar and wind predictiolow-cost Hidden layers can have many numbers of neurons depending
customized hardware designed using a LoRa modem angbon the application used. Artificial neural network output
different sensors. BR and LM learning algorithms weredepends upon various parameters sushbas, weights,
implemented for predicting accurate solar radiatiod wind  batch size, and learning rate. Every network node has
speed. These machiH®arning algorithms provide better weights and transfer functions for calculating the sum of
results than other models discussed in a detailed revieweights and biasThe output (equation 1) is given by inputs
regarding speed, accuracy, reliability, curve fitting andmultiplied by their weights and passes through the transfer
generalization. 10T platforms are also used for the collectiofunction.
of realtime environmental parameters.

w B 0zw w )}
3. Artificial Neural Network

ANN is a biological neural network that resembles the  The log sigmoid function isa transfer function for
human brain. It consists of neurons that relate to each othegenerating output between 0 and 1. This transfer function
Its structure is like the biological system. In the case ofeduces the computational burden in the training process. We
artificial neural networks, dendrites consider as input, celhave analyzed many research papers in whésious ANN
nucleus are namedodes, synapses are the weights, andechniques are used. In Table ie have discussed the
axons are known as output [38]. Like the human brain, ANNonclusion of some ANN techniques. By observing various
understands things, make decisions, and learns by examp#satistical parameters sues MSE, MAE, R, MAPE, and
The ANN model consists of the input, hidden, and outpuRMSE, we can find an ANMNefficient algorithm forwind
layers. The input layer accepts input accogdito the and solar predictian
programmer used. The middhdden layer performs
mathematical calculations, and the output layer provides

Table 1. Previously used\NN techniquesand their comparison

Techniques Prediction Parameter MAPE RMSE R

Empirical equations, such &4ulti- 3.166 0.940
linear regression methods (MLR)| Solar radiation 3.314 0.934

Hargreaves method, ANRR2]. 3.840 0.910
. . 7.9244 0.2027 0.9076
Q';‘EL%:]ZZTRF??QZS;&%%@) (24| Wind speed 9.069 0.2080 0.8875
9 9.1144 0.2077 0.8889

Support Vector Machin€SVM) Daily andmonthly 8.940 1.524 0.986

Multilayer PerceptrodMLP) [39] | global solar radiation 8.950 1.596 0.970
5.13162 0.69814 0.95910

Persistence model

radient boosting regression treg wind speed 517290 0.70315 0.95851
T MDELHELM AN 140] P 4.84868 0.6582 0.96334
5.33199 0.71869 0.95814
Deep learning41] Solar radiation -- 0.78 0.980
RRBFNN[42] Wind speedprediction | 1.0165e05 1.2715e06

Autoregressive Integrated Movin
Average(ARIMA), ANN, Wind Speed
ARIMA -ANN [43]

PersistenceBPNN [44] Wind Speed
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Table 2. Technical specifications cBATMEGA 328P [42] Table 4. Specifications of SX1278 LoREb6]
Parameters Details Characteristics Specifications
Controller 8-bit Microcontroller Antenna 50 ohm
Pins 32 Pins 14
Architecture Advanced RISC Frequency 433 MHz
Serial 1 Programmable serial USART Operating Voltage| 1.8V to 3.6V
communication | § Master/slave SPI serial interface

interface 2 . FSK, GFSK, MSK, GMSK,
: TPC Modulation LoRa™ and OOK modulation
Operating voltage 2.7 V-5.5 V

RSSI 127dB
Powerdown mode: 1A at 3V - -
Active mode: 1.5mA at 3V 4MHz maximum link 168 dB

. budget
Temperature limit| -40°C to+125°C Programmable bit

PWM channels | 6 rate
Network Topology

Current

300 kbps

Pointto-Multipoint, Pointto-
Point, Mesh and Ped¢o-Peer

Table 3. Specifications of ATMEGA 2560

Characteristics Specifications The received information from both nodes is in the form
Controller CMOS 8bit Microcontroller of radio frequency (RF) packets; the ¥&i modem in the

- gateway converts the RF packet data into an internet protocol
Pins 100 (IP) packet and logs it into the cloud server via internet
Architecture Advanced RISC connectivity. In ordeto predict, a deep learnidgased ANN

technique is applied to the sensor data on the cloud server.

9 Programmable serial USART

Serial .

communication | | Master/slave SPI seriaiterface 5. Hardware Description

Interface Il Eqﬁzgé::nted Awire Senal This section will discuss the hardware implemented for
Active AMHz 3.2 mA and max. monitor.ing the sola'r grid and Winc.imill.. Here we have
5mA at 3V ' customlzed_ solar grid nodes and windmill mode for-loT

Current Powerdown mode: WDT enabled based _rea_dlme monitoring_ of environmental parameters
<5pA and max. 15 pA at 3V shown inFigures 4(aand Figure4(b). Sensors like DHT11,

voltage and current sensosre embedded in the solar grid
PWM channels | 12 node to monitor the temperature, humidity, voltage and
ADC Channel 8 current.The omputingunit processes and computes weather

station sensor datéo increase efficiency and accurately
, e ) measute data [4-49]. ATmega 328is a computing unit in
It is observed that solar radiation and wind speed argyiar and windmill nods. ATmega 2560 computing unit
changingnontlinearly. ANN is the best technique to analyze ,seq inLoRa gateway. DHT11 sensor deployedmeasure
nonlinear parameters for accuracy. LM algorithm is the besﬁumidity and temperature BH1750 sensor used for
learning algorithm among other previously used ANNmeasyring light intensity in LuxCup-type anemometer used
techniques. for measuring wind speed.

4. System Architecture 5.1.ComputingUnit

Implementing 10T network infrastructure in monitoring ATmega328 computing unit ian 8-bit CMOS-based
the solar panels and windmill is highly significant for the AVR microcontroller used aa computing unit consistg of
prediction [45 46€. Figure 3 presents the proposed 32 pins. It isprimarly used in embedded systenand
architecture, in which the windmill node and solar grid nodeprojects. It is mainly used due its simplicity, low costand
are embedded withoRabased communication protocol to low power consumption [41]. Atmega328 TQFP micro
transmit the realime sensor data to the cloud for prediction. controller is used in solar and windmill node. It has-self
Both windmill and solar grid nodes are integrated withprogrammed flash program memory. ATmega328 micro
multiple sensors to obtain environmental data. The Windmiltontroller chip is based on advanced RISC architeciure.
and solar grid nodes communicate thessg's information to  operating voltage range of ATmega328 is from 2.7V to 5.5V.
the LoRaenabled gateway, which is also embedded with dts program memory (flash memory) size is 32KB, internal
Wi-Fi module. SRAM is2KB, and EEPROMs 1024B.
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It comprisesone UART, two SPI and one I12C digital determines the wind speedhd treecup anemometeis
communication peripherals [42]. The specifications ofbetter than the foutup anemometer due to its advantages,
ATmega 328Pare given in Table 2. The ATmega2560 such as being fast, providinggh aerodynanai torque and
computing unit is used aa computing unit based on more uniform response [391t has been observed that air
advanced RISC architecture that progtiégh performance. temperature and humidity can affect the wind speed. If there
It has USART serial communication port. USART has TXDis friction between cups and air, tvalue of wind speed
and RXD pirs for serial communication witlan indicator decreasedor higherdensity locations [40]. It is used in
LED. It operates on voltage from 1.8V to 5.5V. Iltgarises  various applications such as Weather, ocean, Environment,
four USART, 5 SPI and one 12C digital communicationIndustry, Laboratory and Agriculture.
peripherals. Its program memory (flash memory) size is
256KB, internal SRAM is 8192B and EEPROM size is5.3.WirelessCommunication
4096B BQ]. It collectsinputs from the sensors and proses LoRa is used as a protocior data transmission. LoRa
the information After that, data will be seérto the WiFi ~ consumes low power and proval®ngrange transmission
module B1]. The specifications of ATMega 256@reshown  [53, 54]. Without cablethis network connects to the internet

in Table 3. the data storagamay be locally or inthe cloud. The
productioncostis low than the commercial data loggPata
5.2. Sensors logger uses longange wireless digital communication to

In this study, the authors are using different seswsith  transmit the datahrough RF bands.LoRa communication
their specifications. Different environmental parameterdransmitsover 10 km of longange data transmission and has
measurement sensoi@e deployed, such as the currentminimum power consumption FJ. LoRa transreceiver
sensor (ACS712), voltage sensor and Temperature &odule (SX1278) consist of 14 pins.
humidity sensor (DHT11)The Current sensor ACS712 is
used for AC ad DC measurement. tperates oa 5V power Its operating frequency range is 433 MHz. It consists of
supply. It has zero magnetic hysteresis. It is used imn SPI interface. The operating vaffe range is
communication systesnand for industrial purposes. It approximately 1.8V to 3.6Mandthe packet size is 256 bye
provides electrical isolation without the use of optoisolators. A 50-ohm antenna is used in its -pi. It has excellent

blocking immunity anda built-in temperature sensor b

The wltage sensor is simple and based on the principl&he specifications of SX1278 LoRa&eshown inTable 4.1t
of the resistor voltage divider. This sensor can malke is used in many applications such as agriculture, 0T
input connector voltagfive times smaller. The voltage tite communicationand to create mesh star topolo@ie data is
analogie input pin is 5V. Hence the detected voltage shouldbtained at the LoRa gateway and NuttyFi-Mii and the
not be larger than 5Vx 5= 25V. Its voltage input range forgateway connects to the internet. Gateway is a physical
DC is from 025V. The resistor tolerance is 1%. It can be device connected between the senswde and tlke cloud
easily used wittMicrocontroller. The DHT1kensorconsists  server  As  llustrated in  architecture, measuring
of a thermistor ofnegative temperature coefficiensedfor environmental parameters from various sensors is
temperature measurement amdhumidity sensing capacitor implemented usingpensource software. Codinig done by
for humidity measurement. Its tempenauangedrom 0-50  using Proteus software and Arduino IDEThe hardware
°C with anaccuracy of +2 degrees and humidity from 20% toporotype ofthe windmill node and solar grids shown in
95% with an error of £5% [52]. It is used for measuring Figureb5.
environmental variations. It iapplicable mainlydue to its

advantages like cost effectiveness, excellent quality, goog, Hardware Implementation with Results
stability and fast response timeA light intensity sensor Firstly, sensors must measure current, voltage, light
(BH1750) is connectetb measurehe intensity of sunlight  intensity, temperature, wind speed, and humidity. Realistic
as shown irFigure 7. It consists of 16 bits analog to a digital gata is used for prediction. After that, we collect datatttyno
converter, directly providing a digital output. The ight  the gateway and can implement a deep learning algorithm for
intensity sensor consists alux meter which measusdight  accurate prediction. The predicted data will give to the cloud.
intensity in Lux. It is better thannalDR becausethe  Figure 6 shows measured environmental parameters using
BH1750 sensor does not require calculations. Its operatingp|ar grid nodes 1 and 2 at different climatic conditiofrs.
voltage range is frorBV to 5V. It supporsthel2C interface  Figure 6,various climatic parameters are measured using a
thedata range is-85535. windmill sensor node. Measured data is displayed on the
graphical display unit. Blynk IoT app can monitor and
A cup-type anemometes preferred for measuringimd ~ control devices at weather forecast stations through
speed andwind direction. It can detectwind speed and smartphones. It controls and monitors sesisasing
direction An anemometeis used for measuring wind speed NodeMCU based on the Blynk IOT framework. As a server,

depending on the ration of cups. When theind speeds Raspberry Pi is used. It is also used as a bridge connected to
increag, the cups also spin faster. The number of rotationge internet.
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Table 5. Environmental parameters and their units

Parameter Unit
Voltage Volt (V)
Current Ampere (A)
Wind Speed Kilometre/ hour (Km/hr.)
Solar Radiation Lux (Lx)
Temperature Celsius {C)
Humidity Percentage (%)

Fig. 6 Real data collection using solar grid nodel and solar grid node 2

Fig. 7 Real data collection using windmill node

(©
Fig. 5 Hardware of (a) Windmill node, (b) Solar grid node, and
(c) LoRa Gateway
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Table 6. Environmental parameters used for prediction Figure 8 shows the redime data collection using
Meteorological Parameters Units customized hardware. PCB layout is designed using
. 2 proteus software tool. Retime data is colleed and
Solar Radiation Wi predicedby Python andGoogle colab. We have usétkeloT
Time Sunrise hh:mm: ss platform because loTis used for various industrial
— applications such as monitoring ofhe environment,
Humidity Percentage agriculture monitoring, industrieBjtelligert Buildings/smart
Temperature Degree Fahrenheit homes, smart grgl management of disaster, robotics, health

care,and automation idustries. It provides many solutions
Barometric Pressure Hg to reducethe consumption of resources for Intelligent Energy
wind Speed Miles/hr. Control in buildings. We havipt_md that an Io_T_—dependent
framework can enhancescalability and reliability, remove
Wind Direction Degrees organizational barriers, and minimizaeegy costs.

The NodeMCU microcontroller linked sensors and®-1- Observations using the ANN Model o
equipment at weather stations with the help of Raspberry pi, LevenbergMarquardt and ~Bayesian = Regularization
The sensor data read bpdeMCU. After that, data will be algorithms are used for prediction using MAT!_AB R2021b
sent to the server. The server responded to the requests R§ftware. The dataset used for prediction includes solar
smartphones. The complete hardware set up with sensftdiation, wind speed, wind direction, temperature, time
nodes and LoRa gateway is shown Figure 7. The sunrise, time sunset, humidity and m@® shown irirable
parameters shown iable 5,such as voltage, wind speed, 6.
solar radiation, current, temperature, and humidity, are

measured with the help of sensors fabricated on the solar grid 1he hourly meteorological datasets have been taken
and windmill sensor nodes. The sensor node sends @M the HFSEAS weather station for four months, from

sensing reafime data to the gateway nodsfter measuring September to December 2020, every 5 minutes time duration.
environmental parametg he reaftime information is sent 1he hidden layer neurons are 20. It also depends upon the
to the LoRa gateway. It has been found that LoRa lisrar deS|gn_edmodeI. There are two outputs, i.e., solar re_1d|at|on
range wirelessransmissionimplementedto transmitreat ~ @nd wind speed. Input datasets are 30962, and testing target
time data to the cloud through Wi internet connectivity data sets are 1724. Both algorithms are implemented by
after applyinga deep learning algorithm fapredicting data  USing Log sigmoid transfer function.

accuracy.

Lux Value- SGO1 Temperature- SG01 Humidity- SGO1 Voltage- SGO1 Current- SGO1
18.33" ‘ 21" i ‘ 493" 0*
o \J
0 10000 0 100 0 100 0 0 0
Lux Value- SG02 Temperature- SG02 Humidity- SG02 Voltage- SG02 Current- SG02
5083" ‘ 192°¢ a7 ' 496" 0*
10000 0 100 0 100 0 20 0 15
Wind Speed- WMO01 Temperature- WMO1 Humidity- WMO01 Voltage- WMO1 Current- WMO1
N = . %
f 2025= 192 48 G 493" 0*
(V)
0 150 - 100 0 100 0 30 0 15

Fig. 8 Realtime data collection
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Fig. 10 Regression plot using LM

Firstly, train the network using the Levenbdédgrquardt by clicking the respective buttons in the training window.
method. The neural network stage is implemented witiThe result improved by increasing the hidden layer neurons

performance under specific constraints of 10000 epochs. Thatil the desired result was achieved We

minimum performance gradient is set to 0.00000001, th&aining function, i.e., Levenberg Marquardt
learning rate is 0.4, and the maximum validation failures arpropagation.Figure 9(a)shows the network training stage

set to 20. Whenthe training is complete, the network's implemented by the Levenberg Marquardt algorithm.

performance will be checked. After training, check the plot
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Fig. 11(a) Neural network training using BR Fig. 11(b) Performanceplot using BR
File Edit View Insert Tools Desktop Window Help
Training: R=0.73158 Validation: R=0.72115
© 3 8
5 Data o Data
8 8 Fit S 6 Fit
g Y=T rs Y=T
;I 5
3 e 4
clll S
5 5,
5 2
o 1
© 1
I 5 O
5 =3
Q 2 -
g 2 S 2
(o]
-2 0 2 4 6 8 -2 0 2 4 6 8
Target Target
Training: R=0.72856 Training: R=0.72954
(2]
: 8 Data 8 Data
< Fit S 8 Fit
i’ 6 Y=T g Y=T
z -
> 4 ]
S <
ﬁ ) E
= ol
1 1l
] 0 1
5 <l
=]
s} 3 2
2 0 2 4 6 8 -2 0 2 4 6 8
Target Target

Fig. 12 Regression plot using BR

Figure 9(b) shows a performance plot using the LMi s Ot Figurenlh(a)§¢hows the training stagof the
training process.The correlation Coefficient (R) value for network using the BR algorithmkigure 11(b)shows a
training data is 0.73474, validation data is 0.72565, testing igerformance plot using the BR training procelsis shows
0.73375, and all is 0.7332, as showrFigure 10 Secondly, that the best performance in the form of mean square error
train the network using the Bayesian Regularization methodMSE) of the LM model is 0.46532 at epoch 245; RMSE is
The neural network stage hasmaximum of 10000 epochs. 0.8246, whereas fahe BR model mean square error (MSE)
The minimum performance gradient is set to 1.0600@, is 0.47185 at epoch 497, root mean square error (RMSE) is
the learning rate is 0.0001 and no. of hidden neurons is 20.8317 as shown ihable 7.

The training function for the Bayesian regularization method
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