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HandwrittenDigit RecognitionusingConvolutional
NeuralNetwork

Akshay Singh

Assistant Professor, IT Department, MSIT, New Dglti058, India

Abstract Convolutional neural networks (CNNs) are multilayer
neural networks with two or more hidden layers. Convolutional
neural networks are widely used in image classification, content
prediction, face identification, language classification, and
recogrition, among other applications. This research uses a
convolutional neural network to offer a neural network technique
for handwrittendigit recognition. For handwrittendigit recognition,
the MNIST datasetis used. This collection comprises 70,000
photographs, each of which is 28x28 pixels in size. It includes
60,000 photographsof training and 10,000photos of testing. Our
objectiveis to observethe accuracyand lossat each stepto classify
handwritten digits and make comparisonon the basisof epochsWe
will also compare the accuracy of the model by using different
optimizers.

Keywords Convolutional neural network, Deep learning,
Optimizers, Handwritten digit.
I. INTRODUCTION

The capacityof computergo detecthumanhandwrittendigits

is knownashandwitten digit recognition.lt is not aneasytask
for a machineto recognize different digits; machinesare

trained properly by going through various stagesin order to

provideresultswith accuracy Handwrittendigit recognitionis

broadly utilized in the automatic processingpf bank cheques,
postaladdresseshequeruncationsystemscanninggtc.

Convolutional neural networks (CNN), recurrent neural
networks(RNN), artificial neuralnetworks(ANN), and other

forms of deep learning neural networks are es®ntially

revolutionising the way humans interact with the outside
world. Convolutionalneuralnetworkshavean advantagever

other types of neural networksin that they can learn filters

without explicitly specifying them. Thesefilters aid in the

extracton of the mostrelevantand appropriatecharacteristics
from theincomingdata.The spatialcharacteristice®f a picture

are capturedby CNN. These characteristicsare the pixel

arrangementand their interrelation within the picture. They

help us to propely recognisean item, its area, and its

connectiorto otherthingsin theimage.

MNIST is a datasetthat includes60,000training picturesof
the 10 digits (0-9) in 28x28 size, as well as 10,000images
constitutea testset.With the developmentf modernmachine
learningtechniquesMNIST continuego be a trustedresource
for researcherandlearnersin this study,we usethe MNIST

datasetto train a CNN architecturewith activation functions
like Rectified Linear Unit and Softmax in order to detect
hardwrittendigits.

II. LITERATURE REVIEW

A lot of techniqueshave beendevelopedto deal with digit
recognition. Different neural networks and machinelearning

approacheshave made a difference to test a model 6s

performance Using neural networks, severalreseathersare
attemptingto enhanceaccuracywhile reducing error. The
Convolutional Neural Network (CNN) is widely used for
image classification,video prediction and analysis,and other
tasks.

CNN has demonstratedexceptional abilities in Chinese
handwritten text recognition [5], handwritten character
recognition in Indic scripts [4], handwritten Urdu content
recognitionand Telugu characterecognition[3], handwritten
Tamil characterecognition[2], andoffline handwrittenArabic
characterecognition[1].

In 1999, a novel sort of cascadeneuralnetwork was usedto
combine segmentationand recognition methods [6]. The
suggested technique has a stronger discrimination and
generalisationcapacity than earlier integrated segmentation
and recognition methods, according to the experimental
findings. Furthermorethe suggesteanethod'snetwork sizeis
lessthanthatof previoussolutions.

M.Ghoshhas comparedthree sortsof neuralnetworksDNN,
DBN and CNN [7]. The findings demonstratethat Deep
Neural Network with the accuracyof 98.08% is the most
accuratealgorithm. But that it takeslonger time to execute
than Convolutional Neural Network. Because of the
similaritiesin digit forms, eachmethod,on the otherhand,has
a 1-2 percenterrorrate.

"Handwritten digit recognition using machine learning
algorithms"by MohammadBadrul Alam Miah, S M Shamim,
Abdullah Al Jobair, Masud Ranaand Angona Sarkerreveals
that Multilayer Perceptronachievesthe highestaccuracyof
90.37 percent when comparedto other machine learning
algorithmsalgorithmssuch as Randomtree, RandomForest,
BayesNet, NaiveBayes,andSupportVector Machine[8].
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A.H. Jalbani and S.A. Awan offer Handwritten Sindhi
CharacterRecognitionUsing Neural Networks as one of the
first stagesin identifying Sindhi handwrittencharacterq9].
The subjectsisolatedcharacterawritten in Sindhi script were
identified. Vertical projection was used to segment the
charactersA neuralnetworkhasbeenusedto classifythe data.
The suggestedmethod's experimenal findings demonstrate
thatusinga neuralnetwork,an accuracyof 85 percentmay be
reached.

I1l. RESEARCH METHODOLOGY
A. ConvolutionalNeural Network

A neuralnetwork which includestwo or more layersand are
usedbasicallyfor processingglassificationand segmentation
of imagesis called ConvolutionalNeural Network. Basically,
there are three layers in CNN those are convolutional and
pooling (partof FeatureExtraction)andfully connectedayers
(partof classification).

Fully
Connected

.-"'Oﬁ\\“

Convolution

Pooling____.-""" Qutput

Input

o

O‘ by

L O
g

\ o
Y Y

Feature Extraction Classification

Fig. 1.BasicCNN Architecture

B. Convolutional Layer

This is the first layer, which aidsin the extractionof several
characteristicérom the inputimages.A convolutionoperation
is performedbetweerthe input pictureandafilter of a specific
size,suchasNxN. With referenceo filter size (NxN), the dot
productbetweenthefilter andthe sectionsof the input picture
is taken.To getinformationaboutimageedgesandcorners,a
feature map is presentwhich is fed to other layers to get
informationaboutotherinputimagefeatures.

C. Pooling Layer

It is the secondayer,which decreasé¢he featuremapsizeand
reduce computational costs. Different forms of pooling
operationsexist. The operationsof maximum pooling and
averagepooling are commonly employed. Average pooling
takesthe averageof the componentsn a predeterminedized
picture area,whereasmax pooling takesthe largestelement
from the featuremap. Sum pooling computeghe total sumof
the componentsinside a designated segment. Between

convolutionalandfully connectedayers a pooling layer acts
asalink.

D. Fully Connected.ayer

This layer servesas a link betweentwo separatelayers of
neurons.The previouslayers'input imagesare flattenedand
delivered to the fully connectedlayer. The classification
processeginsatthis point.

E. Activation Functions

It is a very importantfeaturein neuralnetworks.An activation
function decideswhetherthe neuronsneedsto be activatedor
not if no needto do so. A lot of activationfunction are used
such as RelLU, Softmax, sigmoid functions, etc. Each
activation function has specific usage. Softmax is mostly
utilized for multi-classclassification.

F. Optimizers

Optimizersareusedto alterthe attributesof the neuralnetwork
such as weights and learning rate in order to decreasethe
losses. Optimizationtacticsaid in the reductionof lossesand
the provisionof the mostpreciseoutcomedeasible.

1 ADAM i Adam is a deep neural network training
techniquethat usesadaptivelearningrate optimization. It
hashigh performanceén termsof training speed10]. This
strategy is exceptionally effective in managing while
working with large issuesincluding a lot of data or
parameterdt requiredessmemoryandis efficient.

1 ADAGRAD 1 Adagradis an adaptive optimizer that
changes learning rates basd on the frequency of
parameter updates during training. We make bigger
updatedor parametershat are only usedoncein a while
and smaller updates for values that are used often.
Adagrad eliminatesthe needto adjustthe learning rate
manually.

i ADADELTA i Adadeltais an Adagradmodificationthat
aimsto lessenAdagrad'saggressivenedsy monotonically
decreasinghe learningrate[11]. We don'tneedto setthe
defaultlearningratein Adadeltasincewe usethe ratio of
the previoustime steps'running averageto the current
gradient.

1 RMSPROPI It's an adaptivelearning rate optimization
approachcalledRoot MeanSquareProp.For eachweight,
RMSprop takes the moving average of the squared
gradientsanddividesthe gradientby the squareroot of the
meansquare.This is why it's referredto as RMSprop. It
alsotrainsneuralnetworksat fastspeed.

1 SGDi A kind of gradientdescentis stochasticgradient
descentSGD only workswith a small subsetbr arandom
sample of data instances.When the learning rate is
modest,SGD deliversthe sameresultsasnormalgradient
descentOn large datasetg12], SGD can convergefaster
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than batch training becauseit performs updatesmore
frequently

IV. DATASET

MNIST Datasetis a collection of imageshaving 28x28 pixel
sizes.This collection hasa total of 70,000photos.Thereare
60,000 photosin the training set and 10,000 imagesin the
testingset. This dataseis often usedto recognisehandwritten
digits.

label =5 label = 0 label = 4 label = 1 label = 9
label = 2 label = 1 label = 3 label = 1 label = 4
label = 3 label =5 label = 3 label = 6 label =1
label = 7 label = 2 label = 8 label = 6 label = 9

Fig. 2. MNIST DatasetSamplelmages

V. RESULTS

Using MNIST datasetand applying convolutional neural
network to the model, we have found the test lossesand
accuracyby usingdifferentoptimizersin the model. A total of
five different optimizers namely Adam, Adadelta, Adagrad,

SGD and RMSProphave beencomparedon the bass of loss
and accuracy.Testloss and accuracyhave beenobservedby
usingfive differentoptimizersfor 11 epochs.

Table 1 showstestloss at first and eleventhepochaswell as
accuracypercentagat first andeleventhepochfor recognizing
handwrittendigits.

First caseshowsadamoptimizer where minimum testloss at

epochl is 0.2619which improvedafter 11 epochsto 0.0136
and achievedmaximumaccuracyof 99.51%after 11 epochs.
Referto [Figure 3]. In secondcase adadeltaoptimizeris used
where acarracy after 11 epochsis about 75% which is

comparativelyless as shownin [Figure 4]. Next caseshows
thatadagradptimizeris usedasshownin [Figure 5], testloss
hasdecreasedrom 1.9139to 0.3528while the accuracyafter
11 epochsis 90.27%.After that we haveusedSGD optimizer
in the next caseand achievedexactly 95% accuracyand test
loss is decreasedo 0.1740. Refer to [Figure 6] for SGD
optimizer.

In the lastcase RMSPropoptimizeris usedwherethetestloss
is decreasedrom 0.2652to 0.0212 while the accuracyhas
improvedfrom 92.22%to 99.41%after 11 epochsasshownin
[Figure7].

To achieve the performance, optimizers such as Adam,
Adadelta,Adagrad,SGD, and RMSPropwere employed.As
canbe seen Adam optimizerachieveghe maximumaccuracy
of 99.51 percent. RMSProp optimizer worked admirably as
well, comingin secondplacein termsof accuracyafter Adam.
In all situations, it can be shown that training using the
optimizerimprovesthe classifier'saccuracy.

TABLE 1: COMPARISON OF D IFFERENT OPTIMIZERS ON THE BASIS OF LOSS AND ACCURACY

S. No Optimizer Test Loss Test Loss Accuracy (%) Accuracy (%)
Used (Epoch = 1) (Epoch =11) (Epoch =1) (Epoch =11)
1. Adam 0.2619 0.0136 92.45 99.51
2. AdaDelta 2.2928 1.5516 13.24 75.49
3. AdaGrad 1.9139 0.3528 54.04 90.27
4. SGD 1.0630 0.1740 74.80 95.00
5. RMSProp 0.2652 0.0212 92.22 99.41

VI. CONCLUSION

In this paper different optimizerswere comparedon the basis
of loss and accuracyto recognize handwritten digits. The
variations were obsened for 11 epochsto determinethe
maximumaccuracy.The minimumandmaximumtestlossand
accuracywas observedfor different optimizers.All the five

casegive differentresultsfor accuracyFinally, the maximum
accuracyof 99.51%was achievedby using Adam optimizer.
Also the leastloss was detectedby using Adam optimizer as
comparedto other optimizers. Becauseof the reducedloss,
CNN will be ableto achievehigherimageresolution.Adam
optimizergavethe maximumaccuracyafter 11 epochsfor the
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MNIST datasetwhile other optimizers were not able to  We will testour modelwith different hiddenlayersandtry to

overcomeby giving moreaccuracy. increaseits accuracyby increasingor decreasingts different
layers of convolution neural networks which are highly
VIl. FUTURE SCOPE responsibldor accuracyBy usingdifferentconvolutionneural

In future, a modelcanbe developedwhich not only recognize ~ Network architecturessuch as CNN-RNN, CNN-HMM and

hand written digit but alsoit would predictthe handwritten ~ Ybrid CNN models,we will testeachmodelindividually on

alphabetsndafterthatwe canextendthe modelfor paragraph ~ Kernelsize,learningrateandbatchsize.
too.

" model = tf.keras.models.Sequential()
model.add(tf.keras.layers.Flatten())
model.add(tf.keras.layers.Dense(128,activation=tf.nn.relu))
model.add(tf.keras.layers.Dense(128,activation=tf.nn.relu))
model.add(tf.keras.layers.Dense(10,activation=tf.nn.softmax)) # softmax for probability distribution
model.compile(optimizer = "adam” , loss = 'sparse_categorical_crossentropy’ , metrics = ['accuracy'] )
model.fit(x_train,y train,epochs = 11 )
predictions = model.predict([x_test])

[» Epoch 1/11

1875/1875 [ ] - 4s 2ms/step - loss: ©.2619 - accuracy: ©.9245
Egggyléﬁél[ ] - 3s 2ms/step - loss: ©.1881 - accuracy: .9674
523;?13521[ ] - 3s 2ms/step - loss: ©.@739 - accuracy: ©.9768
Eggéylg;él[ 1 - 2s 2ms/step - loss: ©.0540 - accuracy: ©.9824
523;?1;;;1[ ] - 3s 2ms/step - loss: ©.0486 - accuracy: ©.9872
Egggplggél[ ] - 3s 2ms/step - loss: ©.8320 - accuracy: ©.9892
Eggéylggél[ ] - 3s 2ms/step - loss: ©.©253 - accuracy: ©.9917
523;?12521[ ] - 3s 2ms/step - loss: ©.8218 - accuracy: ©.9930
5232?135;1[ 1 - 3s 2ms/step - loss: ©.0194 - accuracy: ©.9934
523;?1;?£1E ] - 3s 2ms/step - loss: ©.0157 - accuracy: ©.9944
523;?1;;£1E ] - 3s 2ms/step - loss: ©.@136 - accuracy: ©.9951

Fig. 3. Lossand Accuracy using Adam Optimizer

" model = tf.keras.models.Sequential()
model.add(tf.keras.layers.Flatten())
model.add(tf.keras.layers.Dense(128,activation=tf.nn.relu))
model.add(tf.keras.layers.Dense(128,activation=tf.nn.relu))
model.add(tf.keras.layers.Dense(1@,activation=tf.nn.softmax)) # softmax for probability distribution
model.compile{optimizer = "Adadelta"™ , loss = 'sparse_categorical_crossentropy' , metrics = ['accuracy'] )
model.fit(x_train,y train,epochs = 11 )
predictions = model.predict([x_test])

Epoch 1/11
1875/1875 [
Epoch 2/11
1875,/1875 [
Epoch 3/11
1875/1875 [
Epoch 4/11
1875/1875 [
Epoch 5/11
1875/1875 [
Epoch 6/11
1875/1875 [
Epoch 7/11
1875/1875 [
Epoch 8/11
1875/1875 [
Epoch 9/11
1875/1875 [
Epoch 18/11
1875/1875 [
Epoch 11/11
1875,/1875 [

- 4s 2ms/step - loss: 2.2928 - accuracy: 8.1324

- 3s 2ms/step - loss: 2.2482 - accuracy: @.2266

- 3s 2ms/step - loss: 2.1865 - accuracy: ©.3592

- 3s 2ms/step - loss: 2.1283 - accuracy: ©.4998

- 3s 2ms/step - loss: 2.©639 - accuracy: 8.5794

2ms/step - loss: 1.9925 - accuracy: ©.6382

- 3s 2ms/step - loss: 1.914@ - accuracy: 8.8762

- 3s 2ms/step - loss: 1.8288 - accuracy: ©.7046

- 3s 2ms/step - loss: 1.739@ - accuracy: 8.7244

- 3s 2ms/step - loss: 1.6459 - accuracy: @.7496

A R A A
|
W
w

- 3s 2ms/step - loss: 1.5516 - accuracy: @.7549

Fig. 4. Lossand Accuracy using Adadelta Optimizer
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° model = tf.keras.models.Sequential()
model.add(tf.keras.layers.Flatten())
model.add(tf.keras.layers.Dense(128,activation=tf.nn.relu))
model.add(tf.keras.layers.Dense(128,activation=tf.nn.relu))
model.add(tf.keras.layers.Dense(1@,activation=tf.nn.softmax)) # softmax for probability distribution
model.compile(optimizer = "Adagrad” , loss = 'sparse_categorical crossentropy' , metrics = ['accuracy'] )
model.fit(x train,y train,epochs = 11 )
predictions = model.predict([x_test])

> Epoch 1/11

1875/1875 [ 1 - 3s 2ms/step - loss: 1.9139 - accuracy: @.5494
Eggg?lééél[ ] - 3s 2ms/step - loss: 1.0459 - accuracy: @.7904
Eggg?lgéél[ ] - 3s 2ms/step - loss: ©.6866 - accuracy: @.8369
Eggg?lgﬁél[ 1 - 3s 2ms/step - loss: ©.5548 - accuracy: @,8587
Eggg?lgéél[ ] - 3s 2ms/step - loss: ©.4856 - accuracy: @.8725
Eggg?lgéél[ ] - 3s 2ms/step - loss: ©.4435 - accuracy: ©.8817
Egggﬁlgiél[ ] - 3s 2ms/step - loss: ©.4146 - accuracy: @.8887
Eggg?lzéél[ ] - 3s 2ms/step - loss: ©.3935 - accuracy: @,8932
Eggg?lzéél[ 1 - 3s 2ms/step - loss: ©.3771 - accuracy: @.8965
Egggﬁlé?él% ] - 3s 2ms/step - loss: ©.3639 - accuracy: @.9ee3
Eggg?léigl% ] - 3s 2ms/step - loss: ©.3528 - accuracy: @,9027

Fig. 5. Lossand Accuracy using Adagrad Optimizer

° model = tf.keras.models.Sequential()

model.add(tf.keras.layers.Flatten())

model.add(tf.keras.layers.Dense(128,activation=tf.nn.relu))
model.add(tf.keras.layers.Dense(128,activation=tf.nn.relu))
model.add(tf.keras.layers.Dense(1@,activation=tf.nn.softmax)) # softmax for probability distribution
model.compile(optimizer = "sSGD" , loss = 'sparse categorical_crossentropy’ , metrics = ['accuracy'] )
model.fit(x_train,y train,epochs = 11 )

predictions = model.predict([x_test])

> Epoch 1/11

1875/1875 [ ] - 3s 2ms/step - loss: 1.863@ - accuracy: ©,7480
5232512;21[ ] - 3s 2ms/step - loss: ©.3948 - accuracy: ©.88909
Egggﬂlééél[ 1 - 3s 2ms/step - loss: ©.3225 - accuracy: 0.9076
Egggﬂlg;él[ ] - 3s 2ms/step - loss: ©.2867 - accuracy: ©.9173
Eg?;?lggél[ ] - 3s 2ms/step - loss: ©.2613 - accuracy: 8.9252
Egggﬂlggél[ ] - 3s 2ms/step - loss: ©.2412 - accuracy: 9.9394
Egggﬂlgiél[ ] - 3s 2ms/step - loss: ©.2243 - accuracy: ©.9355
Eg?;?lg;él[ ] - 3s 2ms/step - loss: ©.2091 - accuracy: 8.9397
5232?12421[ ] - 3s 2ms/step - loss: ©.196@ - accuracy: 8.9436
Egg;ﬂlégél% ] - 3s 2ms/step - loss: ©.1846 - accuracy: 0.9467
Egg;?léigl% ] - 3s 2ms/step - loss: ©.174@ - accuracy: 9,9500

Fig. 6. Lossand Accuracy using SGD Optimizer
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model = tf.keras.models.Sequential()

model.add(tf.keras.layers.Flatten())

model.add(tf.keras.layers.Dense(128,activation=tf.nn.relu))
model.add(tf.keras.layers.Dense(128,activation=tf.nn.relu))
model.add(tf.keras.layers.Dense(1@,activation=tf.nn.softmax)) # softmax for probability distribution

model.compile(optimizer = "RMSprop” , loss = 'sparse categorical crossentropy’' , metrics = [ "accuracy'] )
model.fit(x_train,y_train,epochs = 11 )
predictions = model.predict([x_test])

[» Epoch 1/11
1875/1875 [ ] - 4s 2ms/step - loss: ©.2652 - accuracy: ©.9222
Epoch 2/11
1875/1875 [ ] - 4s 2ms/step - loss: ©.1159 - accuracy: ©.9657
Epoch 3/11
1875/1875 [ ] - 4s 2ms/step - loss: ©.8852 - accuracy: ©.9749
Epoch 4/11
1875/1875 [ ] - 4s 2ms/step - loss: ©.0684 - accuracy: B8.9886
Epoch 5/11
1875/1875 [ ] - 4s 2ms/step - loss: ©.8563 - accuracy: 8.9836
Epoch 6/11
1875/1875 [ ] - 4s 2ms/step - loss: ©.8473 - accuracy: ©0.9863
Epoch 7/11
1875/1875 | ] - 4s 2Zms/step - loss: ©.8486 - accuracy: @.9886
Epoch 8/11
1875/1875 [ ] - 4s 2ms/step - loss: ©.8359 - accuracy: ©.9896
Epoch 9/11
1875/1875 [ ] - 4s 2ms/step - loss: ©.8299 - accuracy: ©8.9921
Epoch 1@/11
1875/1875 [ ] - 4s 2ms/step - loss: ©.8259 - accuracy: 8.9926
Epoch 11/11
1875/1875 [ ] - 4s 2ms/step - loss: ©.8212 - accuracy: 8.9941

Fig. 7. Lossand Accuracy using RMSProp Optimizer

and recognitionof handwrittennumeralswith cascad neural

net woin KEEE Transactionson Systems, Man, and
Q®yerneticsPartC (Applicationsand Reviews),vol. 29, no. 2,
pp.285-290,May 1999

M. M. A. GhoshandA. Y. Maghari,fi AComparativeStudyon
Handwriting Digit RecognitionUsing Neural Networks @017
InternationalConferenceon PromisingElectronicTechnologies
(ICPET), Deir El-Balah,2017,pp. 77-81

S M Shamim,MohammadBadrul Alam Miah, AngonaSarker,
Masud Rana, Abdullah Al Jobair, A Ha n d wrdigit t e n

REFERENCES
(1]

Boufenar, C.; Kerboua, A.; Batouche,M. il nveston gat.
deep learring for offline handwritten Arabic character
r e ¢ 0 g ndogniSystnRes2018 50,1801 195

Kavitha, B.; Srimathi, C. fi Be n c h maon kofflineg
HandwrittenTamil CharacterRecognitionusing convolutional
neuraln e t w oJ:Kling SaadUniv. Comput.Inf. Sci. 2019
Husnain, M.; SaadMissen, M.; Mumtaz, S.; Jhanidr, M.Z.;

Coustaty, M.; Lugman, M.M.; Ogier, J-M.; Choi, G.S.

[7.]
(2]

[3] [8.]

[4.]

(5]

[6.]

i Re c o g ndf t urdun handwritten characters using
convolutionalneuraln e t w &Appk Scio2019 9, 2758
Sarkhel,R.; Das, N.; Das, A.; Kundu, M.; Nasipuri, M. fi A
multi-scaledeepquadtree basedfeatureextractionmethodfor
the recognition of isolated handwritten charactersof popular
indics c r i RattesRecognit2017, 71,78 93

Wu, Y.-C.; Yin, F.; Liu, C-L. i | mp r bandwrittgnchinese
text recognition using neural network languagemodels and
convolutionalneuralnetworkshapemo d e PasternRecognit.
2017 65,251 264

SeongWhanlLeeandSangYup Kim, i | n t e spgreentatiah

(9]

recognition using machine learning algort h ms 2018
IndonesiarJournalof ScienceandTechnologyyol. 3, no.1

A.H. Jalbani, S.A. Awan, i ldndwritten sindhi character
recognitionusing neuraln e t w o Dirkctoy of OpenAccess
Journals2018

[10.] Diederik P.KingmaandJimmyLei Ba.i A d a Anmethodfor

stochastio pt i mi 2044 i ono.

[11.] Matthew D. Zeiler. i Ad a d Al &daptive learning rate

[12.] Nikhil

met h 20d2 .
Ketkar. fiStochastic Gradient De s ¢ e 20410 .
DOI:10.1007/9781-4842-27664_8

Db Dz



E-Bike SpeedControllerandBattery
Managemengystem

Dr. Rakhi Kamra?, Dr. Monu Malik 2, Soumya Chaudhary, Mohd. Wasim®

L2Assistant Professor, Department of Electrical and Electronics Engineering, Maharaja Surajmal Indtitetdnnology, New Delhi, India
3Student, Department of Electrical and Electronics Engineelif@haraja Surajmal Institute of Technology New Delhi, India
Irakhikamra@msit.inPfmsmalikmonu@msit.issoumyac19@gmail.carflameswasim39@gait.com

Abstract With rapid growth in the carbon emissions from

continuously increasing number of conventional vehiclesrunning

on petrol and diesel,there has beena requirementof an alternative
which can help reduce the carbon emissions given its also
economical. Electrical vehicles come out to be the first option,

running on rechargeablebatteries,which when usedwith a number
of cellsin a batterypackand batterymanagemensystemcan prove
not only reliable but also economicalin the long run. The other
important part of the electrical vehicleis the motor, a BLDC motor
is usedin this projectwhich runs on 24 volts with a powerrating of

250watts. The E-bike controller circuit actsasan interface between
the motor and battery pack, it helps to control the speedof the
BLDC motor and also for the braking. The systemcannot only be
usedto make reliable and economicale-bikesbut can also be used
asa conversionkit to makebicyclesto e-hikes.

Keywords electrical vehicles, battery pack, battery management
systemBLDC motor, E-bike controller, e-bike.

.  INTRODUCTION

The projectexplainsa purposedelectricbike systemthatruns
on li-ion batteriesto power the BLDC motor. The designed
systemis the basicblock of an electric vehicle[1] which are
samefor every electrical vehicle, it varies dependingon the
required application. The circuits and layouts of e-bike is
designed.It providesa reliable and unique way of battery
managemensystem.lts designalso integratesBLDC motor
control circuit which is responsibldor controlling andbraking
of the brushlessDC motor. The controller and motor in the
systemwill be poweredusing a rechargeabldatterypackand
batterypackis chargedwith the help of a batterymanagement
system[2], which ensuresequal voltage level acrossall the
cellsof the batterypack.This productwill caterto vasthnumber
of peoplewho use conventionalautomobilevehiclesand are
readyto switch to more economicaland immaculateways of
commuting

II. BACKGROUND
A. BLDC motor
BrushlessDC motor are compactyet powerful system,canbe

controlled by high performancedrivers to offer excellent
power savings and speed stability as well as wide speed

control range.[3] BLDC motor can make systems more
compactand still providing high power due to the strong
permanenmagnetdeingusedin therotor. This makesit most
suitabletype of motorfor light weight e- bikes.The only down
sight of thesemotorsis thatthey a r eablétb provide high
amountof torques

Hall element

Detects rotor :
rotational position

Stator

Rotor

Motor case
(Housing)

» /ﬁ 5 i Winding
‘} \ Z m%’g?g;e” (copper wire)

Magnet that
generates the base flux.

‘Bearing
Fig. 1. A detailed diagram of outer rotot type BLDC motor

B. PowerMOSFET

Advancedprocessindgechniquesareusedin PowerMOSFETS
to obtain extraordinarily low on-resistanceper silicon area.
This advantage,combined with the quick switching and
ruggedizeddevicearchitectureof HEXFET power MOSFETS,
offersthe designemwith anincredibly efficient anddependable
device for usagein a wide range of applications. Power
MOSFETsareakind of metaloxide semiconductofield effect
transistor.It has beenspecifically createdto deal with high
level powers.PowerMOSFETsarebuilt in aV configuration.
As aresult,it is alsoknownasaV-MOSFETor VFET. TheV
configurationof powerM O S F E i§ ghewnin thefig.2.

In this project IRF2807 power MOSFET is deployedfor the
operationof threephasebridge usedin controlling the e-bike.

D7 Dz



MSIT Journal of Researchi SATYAM

Vol. 9 (2020-21) | ISSN: 2319-7897

It is a N-channelMOSFET, N-channelMOSFET find usein
circuit applicatons where high- power switching is required.
Unlike transistorswhich require high currentdrive signalsto
turn fully on, MO S F E %ad = turnedon with drive signals
abovethe gate thresholdvoltage of the MOSFET which is
usually around4 volts. A voltage of up to 10V is normally
requiredto turn a MOSFET completelyon. Becausethe gate
terminal of a MOSFET behavedike a capacitor,the driving
signal must have enoughcurrentto chargeand dischargethe
gate capacitor quickly in order to switch on and off the
MOSFETathigh speeds.

Source

Blocking
PN-Junction VA LSS LSS LSS LSS LS LSS LSS LSS LS LSS LSS LSS S LSS IS S S S LSS LSS S Ao
Drain | ==
Fig. 2. Cross sectional diagram showing V configuration of power
MOSFET

f@_y
[ J

Fig. 3. Three phaseMOSFET bridge usedto drive BLDC motor

C. Microcontroller

In anembeddedystema microcontrolleris a smallintegrated
circuit that governsa certain operation.On a single chip, a
typical microcontroller contains a processor,memory, and
input/outputperipherals.In this project Arduino Mega 2560
microcontrollermoduleis used.

The ATmega2560 microcontroller is at the heart of the
Arduino Mega 2560 Rev3 microcontroller board. On the
board,therearea total of 54 digital I/O pins, 15 of which are
usedas PWM pins. The boardis equippedwith 15 analogue
pins. Theboardhasfour serialports,oneSPIport,andonel2C
communicatiorport.

Fig. 4. Arduino Mega 2560

The projectalsousesArduino Pro Mini in the battery
managementsystem, it takes voltage measurement
acrosscells asinput and helpsbalancingit acrossall
the cells. The ATmega328s the basisfor the Arduino
ProMini, amicrocontrollerboard.

It has 14 digital input/outputports (six of which are PWM
outputs), six analogueinputs, an installed resonator,a reset
button, and pin headermounting holes. To give USB power
and communicationto the board, a six-pin headercan be
linkedto an FTDI cableor a Sparkfun breakoutboard. The
Arduino Pro Mini is designedto be installed in objectsor
exhibitions on a semipermanentbasis. The board comes
without pre-installed headers,allowing for a wide range of
connectionr directwire soldering.The pin layoutis Arduino
Mini compliant.The ProMini is availablein two variants.One
operatesat 3.3V and 8 MHz, while the other operatesat 5V
and16 Mhz.
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Fig. 5. Arduino Mega 2560
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I1l. PROPOSEDSYSTEM
A. E-Bike Controller

E-bike controller is the main power electronicthat actsas a

controlling interfacebetweenthe motor and the battery. It is

responsibldor the speedcontrol of the motorandi t bdaking
too. In this systemthe controllercanbe operatedby two means
either by throttle contol or pedal assist.In caseof throttle
control, the operationis similar asi t t@esein a conventional
two-wheeler, when the throttle is engagedit powers and
propels the bike forward. The throttle engagementan be
adjustedby userto adjustspeedn the samewaysasi t dore
the conventionaltwo- wheeler.In caseof pedal assistyour
electric bike that providespower from the motor to help you

pedaleasiermotor to help you pedal easierand move faster.
When you activate pedal assist and select your level of

assistancethe motor will deliver a specificamountof power
while you pedal. As you bike, you may sensea tiny push.
Pedalassistdiffers from throttle modein thatit requiresriders
to pedalin addition to receiving engine power. The throttle
mode eliminatesthe needto peddleand insteadrelies entirely
onthemotorto propelthe bike ahead.

|  Throttle
input

_ .+ | Mico-comroller | = | Maosfet driver circuit

Assist input |

| Hall Sensor |
input |

Fig. 6. E-Bike controller block diagram

B. BatteryManagemeniSystem

Battery managemensystem(BMS)[4] is the power input to
the systemit takesthe AC power supply and helps charging
the battery ensuring cell balancingi.e., equalizing voltages
acrossthe cells and stateof chargeamongthe cellswhenthey
fully charged.

No two cells areidentical. Thereare alwaysslight differences
in the stateof charge self-dischargerate,capacity,impedance,
andtemperatureharacteristics[5]An LCD is usedto display
the reaktime currentand voltage values.SMS also provides
overvoltageandover currentprotection.

| | Balance chargin
& | Micro-controller | — | L hehe

Fig. 7. Battery managementsystemcircuit diagram

C. BLDC motor control with Arduino

In this paper,therewill be discussionaboutthe programming
thathasbeenusedin this projectto programArduino Mega.

Therearetwo typesof BLDC motors:sensotbasedandsensor
less. Hall effect sensorsare used in sensotbased BLDC

motors to determinerotor position, whereasBEMF (back
electromotiveforce)is usedin sensoflessBLDC motors.This
topic showshow to drive a sensotbasedBLDC motorusingan
Arduino MEGA board[6]. This project's BLDC motor is

simply a PC CD-ROM motor (spindlemotor).

The BLDC motor (sensothasedor sensoiless) is a three
phaseDC motor with three stator core windings. A spinning
electric field is createdby energizingtwo coils at the same
time. This systemis simpleto implement,but the excitationon
the stator must be sequencedin a certain manner while
knowing the exactpositionof the rotor magnetgo preventthe
permanenmagnetotor from locking with the stator.

®

[

J
—
—
&
o P A )
RS\ P
ARG & /7

© ~®

Fig. 8. Three phasewinding in BLDC Motor

We will needa 3-phasebridge to drive this motor, andthe 6
MOSFETSs are the key components.The 3-phase bridge's
generakircuit schematids depictedobelow:

THREE PHASE BRIDGE

4 e@

" B High

| control

A High
control

ToA ¢+ ToB

- T g
| Blow / Ejh CLow /E}U
| control \ control |

/ N /j T/

AlLow
control

v

Fig. 9. Schematicdiagram of three phasebridge
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To sense rotor position, the sensotbased BLDC motor
containsthree hdl effect sensors(A, B, and C), which are
positionedasillustratedin the diagrambelow. Eachhall effect
sensofin the motor hasfour pins: VCC (H+), GND (H-), and
two outputs(somesensorcomewith 3 pins: VCC, GND and
output).

5
|
2|

-
=

FPFREFFEEr

EFE]

Fig. 10. Hall sensorsplacedin BLDC motor

For 180 electricaldegreeseachsensoroutputsa digital high,
andfor theother180electricaldegreesit outputsa digital low.
The following figure shows the relationship between the
s e n s autpuissand the required motor drive voltages for
phase#\, B andC.

SENSOR VERSUS DRIVE TIMING
[ 1 [ 1 1 1
w1 | 6 | 5 | 4 | 3 | 2 |

~V~~—o—r~|~~%~+~~'—o—~~
A Float ! ! L

H
Sensor A L

H
Sensor B N

H
Sensor C L

| |
Caode 101 | 001 | 011 | 010 | 110 | 100 | 101 | o001

Fig. 11. S e n s autputssand requisite motor drive voltages

IV. HARDWARE REQUIREMENTS
Hardwarerequirementsrelisted below

Sr. No. | Components Name

1 Microcontroller Arduino Mega2560,
(Atmega 2560)
Arduino Pro Mini
(Atmega328)

Sr. No. | Components Name
2 Power MOSFET IRF2807
3 Programmable TL431

precision refence

Current Sensor ACS712
5 MOSFET driver IR2104

circuit
6 Schottky diode 1N5819
7 Zener diode 1N4148
8 Rectifier diode 1N4007W
9 BLDC motor 24 volts, 250 watts
10 Transistor 2N3906 2N2222
11 Display 12C 16x2 LED,

0.96 inch OLED
12 Voltage regulator 7805
V. WORKING

A. Speeccontroller:

The controller drives the BLDC motor using a three phase
MOSFET bridge which is controlled by three half bridge
driver | C §IR2104). Thesedriver ICs aredriven by Arduino
mega microcontroller which generatea PWM signal and a
commutatiorsignal.

The commutationsignalis generatedasedon the input from
hall sensorsand duty cycle of PWM signal decidesthe speed
of the motor. The microcontrollercalcuatesthe duty cycle of
PWM signalbasedn theinput of throttleandpedalassist.

Speedcontrollerhastwo modesthrottle andpedalassist

B. Throttle mode:-

In throttle modethe microcontrollertakesinput from throttle
andaccordingto the value of throttle input it decidesthe duty
cyclefor the PWM signalwhich will thenbe fed to half bridge
driver circuit. The pedalassisthasnorole in thismode.

C. Pedalassistimode:-

In PAS mode the microcontrollerdecidesthe duty cycle of
PWM signalbasedon the pedalassistievel usercanselectthe
pedalassistevel (1-3). with pedalassistevelis 1, the effectof
pedalingwill be lesson the speedof motor while at highest
pedalassistlevel thatis 3, the effect of pedalingwill be high
onmotorspeed[7].

The selected assistancelevel and mode of operation is
displayedonthe OLED display.
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D. BatterymanagemensystemBMS): -

It manageghe voltageof the lithium-ion cell by continuously
monitoringtheir voltagelevel andwhile chargingif thevoltage
goes abowe the max voltage which in this caseis set to

4.2volts, it switcheson the balancecircuit for that particular
cell by switching on a MOSFET switch which connectsa
10ohm resistor in parallel to that cell, this results in

dischargingof extravoltagethrough that resistorat a rate of

420mA which is safe dischargecurrentfor most of the cell.

This methodof cell balancings calledactivebalancing[8].

The BMS also monitorsthe input chargingcurrentand if the
chargingcurrentexceedshe setlimit it stopscharging.

VI. RESULTS

| Fan (R

Fig. 13. Battery managementsystemcircuit after assembling

All the componentareassembledndtestedsuccessfullyThe
systemis designedto operatewith 24-volt, 250 watts BLDC
motor and testedsuccessfully both throttle control and pedal
assistmode of the E-Bike controller are working perfectly as
expected.

VII. CONCLUSION

E-Bikes are an effective alternative to our conventional
vehiclesasi t ndtenly immaculatebut alsoecanomicalin the

long run, helps reduce carbon emissionsand subsequently
improvingair quality index of our majorcities.

E-bike motor controller helps in wide speedmotor control

application of the BLDC motor and also helpsin braking.
Battery ManagemenSystem ensuresqualvoltage acrossall

the cells of the battery pack, displays real parameterdike

voltageand currentvaluesand also helpsin over voltageand
over current protection of the Li-ion cells, it also helps
increasingeliability anddurability of the batterypackmaking
the systemmore economicalin the long run. The designed
systemcannot only be usedto makenew E-Bikes but canalso
bedeployedo convertconventionabicyclesto E-bikes
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Abstract News generateshuge amountsof online contenton a day
to day basisand managingthem correctly is very critical to getthe
full benefit of each feature or article. Tools are needed to
automatically extract useful information from the evergrowing
corpus of news texts. An essential condition is the ability to
recognizenamesmentionedin text, a specialcaseof namedentity
recognition (NER). In this work, we train BERT- NER modeland
explorefine-tuning strategyfor the BERT modelto detecthamesof
Indian origin in a givenunannotatedblock of English text. Our fine
tuning approachobtains state’ of- art resultson own built dataset
comprising of English language documentsfrom news domain,
obtaining a F1 scoreof 96.64%(on 5NE) using BERT-Basemodel.
FastAP framework is used to deploy the model. FastAPI is a
modern, high-performanceweb framework. It is usedfor building
APIs with Python3.6+.

Keywords BERT, Named Entity Recognition, Natural Language
Processing

.  INTRODUCTION

Namedentity recognition(NER) is an importantsteptowards
informationextraction.Its aim is to identify the namedentities
that occur in the text and classify them into different pre-

defined categoriesNER can be deployedin many fields for
answering many reaklworld questions, relaion-extraction,
topic modelling, information retrieval etc [1]. Named Entity
Recognition (NER) can automatically explore the full

articles/featuresand display which are the prime people,
organizationsandplacesdiscussedherein.

The paper focuseson first task of information extraction,
calledNER, more specifically, to detectthe mentionof names
of Indian origin in Englishtextual documentsThe ideais to

covercrosslinguistic aspect®of text while performingNER on

Indiannames.

Formally, given a sequenceof tokenss, s = <wl, w2, ..., wnN.
i, NER is to outputa list of tuples<ls, le, ti>, eachof whichis
a namedentity mentionedin s. Here,Is N [1, N] andle N [1,
N] arethe startandthe endindexesof a namedentity mention;
t is the entity type from a predefinedcategoryset. Figure 1
shows an example where a NER system recognizesthree
namedentitiesfrom the givensentencg2].

< 1y, W, Person > Michael Jeffrey Jordan
< s, wy, Location =  Brooklyn

<ty Wyp, Location = New York

ﬁ‘ L Y .

MNamed Entity Recognition

{? & = 0y, b, L, Wiy T
Michael Jeffrey Jordan was bom in Brooklyn . New York
(L] (1] 'y 'y ity g ([ Bed tig Uy Whp W

Fig. 1. An illustration of the namedentity recognition task

In orderto obtainhigh performancegdeeplearningbasedNLP
modelsrequire much larger amountsof annotateddatasetor
knowledge.As the annotatedtraining data size increaseqin
billions), the performanceimproves significantly. However,
preparationof sucha huge corpusmanuallyis tedious,time
consuming and an expensiveprocess.The lack of sufficient
labelled data is still the major challengesfor creating high
quality NLP models.

To addressthis issue,we rely on existing pre-trained DNN
modelsusingtransferlearning[3]. The procesor techniqueof
training general purposelanguagerepresentatiormodels on
enormouspiles of un-annotatedcorporaon the web/online
refersto pretraining. This generalpurposepre-trained model
canthenbe fine-tunedfor manytasksthat may not be related
to the taskfor which the modelwastrainedon. This approach
givescloseto stateof-the-art resultsandis highly usefulwhen
the training data is inadequate (BERT) is one of the latest
techniquesfor NLP pretraining. In this paper, we explore
BERT technique(Bidirectional EncoderRepresentationsom
Transformers}that usesdeepneuralnetworksto recognizethe
named entities of Indian origin in the news literature.
Identifying Indian origin namesin Englishtext documentss a
challengingtask. They haveto copeup with the diversity of
personnaming practices(such as acronyms,salutations,and
other abbreviations)and ambiguity arising from the use of
samecommonnamerefersto differentclass

This work majorly distinguishes4 entities of Indian origin
namely perons, organizations,location, others an English
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news document. The approach adopted is majorly
unsupervisedearningbasedn thefine tuning.

Il. CHOICE OF BERT OVER ELMO

In this section the featuresof BERT andELMo are presented.

We discusswhat arethe featureghat makesBERT superiorto
its predecessoELMo .

A. Featuresof BERT and ELMo

ELMo(Embeddings from Language Model) , is a word
embeddingechniquedevelopedat Allen Institutefor Artificial

Intelligence.lt looks at sequencef wordsandrepresergthem
asa vectorssequencg4]. A bi-directionalLSTM is fed with

characteflevel tokens.This bi-directionalLSTM thenoutputs
word-level embeddings.

However, unlike BERT, ELMo is not truly bi-directional.
BERT usesa MaskedLM techniquewhich makesit deeplybi-
directional whereasELMo usesright-to-left and left-to-right
LSTMs instead.Thus, the accuracyof BERT is way higher
thanELMo.

The time takenby BERT to train a modelis significantly less
than the time taken by ELMo. This is becauseBERT uses
transformerswhereasELMos hasan LSTM basedapproach

[5].

Both BERT and ELMo feed a different type of input to the
model.BERT inputsin tokenizedwordswhereasELMo hasa
charactetbasedinput. It has been alleged that word-based
modelsperformbetterthan charactethasednodels[6]. Hence,
BERT is betterthanELMo.

lll. LITERATURE SURVEY

The first NER task was formulated by Grishman and
Sundhiem (1996) at the sixth Message Understanding
Conference(MUC-6). In respectof the problem definition,
Petasiset al. [7] confinedthe definition of namedentities:i A
NE is a proper noun, serving as a name for somethingor
s 0 me oBady NER systemswere based on handcrafted
rules, lexicons, orthographic features and ontology
[8][9][10][11]. Thesesystemswerefollowed by NER systems
basedn featureengineeringandmachindearning[12].

Agerri and Rigau (2016)[13] developeda semisupervised
systemby presentingNER classifierswith featuresincluding
orthography,charactern-grams, lexicons, prefixes, suffixes,
bigrars, trigrams,and unsupervisedlusterfeaturesfrom the
Brown corpus,Clark corpusand k-meansclusteringof open
text usingword embeddingg14]. They were able to achieve
almost state of the art performanceon CoNLL datasets:
84.16%, 85.04%, 91.36%, and 76.42% on English, Dutch,
SpanishandGermanyespectively.

The stateof-the-art results were achievedin DrugNER [9],
[15] by using a CRF with featuresusing lexicon resources
from Food and Drug Administration (FDA), DrugBank, [16]
and word embeddingswhich were trained using MedLine
corpus.For the identical task, [17] useda CRF with features
derived from dictionaries (e.g., [16]), ontologism (ChEBI
ontologism) prefixessuffixesfrom chemicalentities,etc.

In [18], early NER neural network architectues were
proposed. Here, the feature vectors were extracted from

orthographic features such as word breaks, capitalization,
punctuationetc, dictionariesand lexicons. Subsequentvork

work in place of thesemanually constructedfeature vectors
word embeddigs [19] stepped in. Word embeddings
representswords in n-dimensional space, typically learned
over huge amount of unlabeled data through based on

unsupervisegrocesslike the skip-gram model [14]. Studies
have depicted the significance of such pretrained word

embeddingdor NER systemsbasedon neural network [20]

and also for pretrained characterembeddingsin character

basedanguagedike JapaneséloreanandChinesg21].

Startingwith [19], neuralnetworkNER systemswith minimal
feature engineemg have become popular. These kinds of
models are preferredas they generallydo not need domain
specific resourceslike lexicons or ontologies, which are
expensiveand henceare more domainsindependentVarious
neural architectureshave been proposed,mostly basedon
some form of recurrent neural networks (RNN) over
characterssubwordsand/orword embeddings.

TherearevariousNER tools availableonline with pre- trained
models. Table 2 shows frequently used English NER by
academiandindustry[2].

TABLE 1: Few Off-the-shelf POPULAR NER tools provided by
academiaand industry projects

NER System | URL
Academia
Stanford Core| https://stanfordnlp.github.io/CoreNLP/
NLP
lllinois NLP https://github.com/aritter/twitter_nlp
NeuroNER http://cogcomp.org/pagsoftware/
NERsuite https://polyglot.readthedocs.io
NERsuite https://polyglot.readthedocs.io
Gimli http://bioinformatics.ua.pt/gimli
Industry
spaCy https://spacy.io/api/entityrecognizer
NLTK https://www.nltk.org
OpenNLP https://opennlp.apache.org/
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LingPipe http://aliasi.com/lingpipe3.9.3/
AllenNLP https://demo.allennlp.org/
IBM Watson https://naturalanguage
understandingdemo.ng.bluemix.net

IV. DATASET AND MODEL

In this sectionof the paper,the datasetusedfor training the
modelandthe modelhavebeendescribedn detail.

A. Dataset

In this study,we havetrainedour modelon a datasebf 6910
sentencesgachcontainingat leastone nameof Indian origin.
We created this datasetby ourselvesusing web-scraping
techniques with the help of python libraries such as
BeautifulSoupZandSpacy.

TABLE 2: BERT datasetformat

Sentencetl Word POS Tag
pm NN @]
modi NNP B-per
may MD @)
light VB O
first JJ @)
lamp NN @)
on IN @)
deepawali NNP @)
In IN ]
varanasi NNP O

The sentenceswhich form our datasethave been extracted
from news centric APIs (Google News APl and NewsAPI)
containing Indian news from various sources. The API

provided us the below listed featuresin which Topic/Short
Headlinesvereused:

i. Topic Headlines
ii. TopHeadlines
iii. Search
iv. Searchby Source
v.  GeographitHeadlines

Thenalist of commonindian nameswvascreatedo makesure
that every sentencecontainsa name of Indian origin. The
filtered sentencewsverethenconvertednto a commaseparated
valuesformat, the formatrequiredby BERT for training. Each

namewastaggedasfi B e rAb the otherwordsweretagged
asfi 00 .

TABLE 3. A Few Examplesof sentencesn the datasetand names
of indian origin taggedasfi bp e r 0

Sentence Name(s) of Indian origin

in the sentence

Trump says he spoke to PM Modi , govt. Modi

deniesit.

| try to find faults in myself even if there
a r emmadytArjun Kapoor

Arjun Kapoor

Sanjay Singh usesofficial tickets to fly 33 SanjaySingh

migrantshome.

BERT requiresthat eachword is assignedts detailedpart-of-
speechtag. Using the natural language processinglibrary
spacy,all the words were taggedwith their detailed partof-
speechag.

The modelwas trained on 90% of the data. The rest 10% of
datain the datasetvasusedasthe testingand validation data
by themodel..

B. BERT( LanguageModel)

Bidirectional Encoder Representationsfrom Transformers
(BERT) is a machine learning technique based on

Transformerslt is usedfor naturallanguageprocessingNLP)

pretraining. BERT was createdby Google employee Jacob
Devlin andhis colleaguesn 2018[22]. It waspre- trainedon

Book Corpus a datasetconsisting of 11,038 unpublished
books and English Wikipedia (excluding lists, tables and

headers)23],[24].

BERT is bidirectional trained and thus it has a deeger
understandingof the context and flow of language as
comparedto the languagemodels which are only single
direction.

BERT usesa techniquecalledMaskedLM (MLM) in orderto
predictthe nextword in a sequenceWordsin a sentenceare
randomly maskedand the BERT tries to predictthem. Thus,
BERT takesthe previousaswell asnextword into contextat
thesametime [25].

C. The BERT-BaseModel

In this study,we haveusedthe BERT-Basemodel. This model
has12 layers, 768 hiddennodes,12 attentionheadsand 110
million parameterslt was trained on 4 cloud TPUs for 1
million steps.The batchsize was setat 256. For 90% of the
steps,the sequencdengthwaslimited to 128 tokens.For the
remaining 10% of the steps,the sequencdength was 512
tokens[26].
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TABLE 4: BERT-BaseModel parameters

Parameters Count
Numberof hiddenlayers 12
HiddenUnit Size 568
Numberof Attentionheads 12
Feedforwardfilter size 4*768
Max. sequencéength 512
Parameters 110Million
D. Spacy

Spacyis a python library which has industrial level natural
languageprocessingcapabilitiesfor processingaw text [27].
We haveusedSpacyfor two differenttasks.

First, we usedspacyin the creationof our datasetSp ac y

partof-speechtaggingfeatureis usedto tag eachword in our
trainingdatawith its detailedpartof-speechag.

Later, we used Spacyto give a more detailed output. Our
modelonly detectnameson Indianorigin. Therefore we have
usedS p a cngndedentity recognitionfeatureto assignlabels
to variousother entities suchas organizationscompaniesand
namef citiesandcountries

E. FastAPI

FastAPI framework has been used to deploy the model.

FastAPlis a modern,high-performancewneb framework.lt is

used for building APIs with Python 3.6+.We are using its

Swagger Ul to createan interfacefor the user.A window is

providedto enterdesiredtext. The outputis generatedn the

form of dictionary, with eachword having a corresponding
namedentity

F. Training of Model

The model has beentrained on unique sentenceswith each
sentencdavingat leastonenameof Indian origin. The model
was then evaluatedon different set of unique sentencesJust
like the training data,everysentencen the validationdatahas
at least one name of Indian origin in it. Basic model
configurationsarelisted below:

a. Trainingdatasize:6219sentences

b. Testingdatasize:691sentences

c. Optimizer:AdamW (Adamwithweightd e c ay ) é .
d. Batchsize:32.

\%

. NER EVALUATION METRICS AND RESULTS

NER systemsareusuallyevaluatedy comparingtheir outputs
againsthumanannotationsThe comparisoncan be quantified
by eitherexactmatchor relaxedmatch.

NER essentiallyinvolves two subtasks:boundary detection

andtypeidentification.In ii e x-matche v a | u R@8],[28],n 0

[30], a correctly recognizedinstance requiresa systemto
correctlyidentify its boundaryandtype, simultaneouslyMore
specifically, the numbers of False positives (FP), False
negatives(FN) and True positives(TP) are usedto compute
PrecisionRecall,andF-score.

False Positive (FP): entity that is returnedby a NER system
butdoesnotappeain thegroundtruth.

False Negative (FN): entity that is not returnedby a NER
systembutappearsn the groundtruth

True Positive (TP): entity that is returnedby a NER system
andalsoappearsn thegroundtruth.

Precisionrefersto the percentag®f your systemresultswhich
are correctly recognized.Recall refers to the percentageof
total entitiescorrectlyrecognizedy your system.

. . £TP
Precision = ———— Q)
%(TP+EP)
£TP
Recall =—— (2)
%(TP+FN)

F _ Score =2 % Prgcfsz:anxﬂgca!! (3)
Precision+Recall

In addition,the macreaveraged--scoreandmicro averaged--
score both considerthe performanceacrossmultiple entity
types.Macro-averaged--scoreindependenthcalculateghe F-
scoreon different entity types, and then takesthe avera@ of
the F-scores.Micro-averagedr-scoresumsup the individual
false negatives,false positives and true positives acrossall
entity typesthen appliesthemto get the statistics.The latter
canbe heavily affectedby the quality of recognizingentitiesin
largeclassesn thecorpus.

1. F1 score=2 * (Precision* Recall) / (Precision+
Recall)

= 2* (0.962* 0.971)/ (0.962+ 0.971)
=0.9664

The resultsobtainedafter training the model are as shownin
Table4 below.

TABLE 4. Resultsobtained BERT datasetformat

Evaluation Metrics Name(s)of Indian origin in the sentence

Validation Accuracy 98.65%
Precision 0.962
Recall 0.971
F1score 0.9664
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The F1 scorecombinesthe precisionandrecall of our model
by defining the harmonic meanbetweenthem ard indicates
how accuratethe modelis performingon the datasetAs the
rangeof F1 scorein betweenO (leastaccurate)and 1 (most
accurate)and we got 0.96 (96.64%)indicating low levels of

falsepositivesandfalsenegatives.

Learning curve
0.200 =
—— f{raining loss

0.175 —+— validation loss

0.150

0.125

Loss

0.100

0.075

0.050

0.025

000 025 050 075 .00 125 150 175 200
Epoch

The lossgraphis shownin fig. 1 tells us how good our model
is performingwith the training and validation setof data.The
fact that training loss and validation loss are almost equal
indicatesthat the modelwas not over fitted or underfitted in
thisprocess.

The output shown in Fig. 2 containsan output dictionary
which clearly identifies the names of Indian Origin as
il NDINAME O .

"[CLs]": "O",

"Dravid": "INDIAN NAME",
"will™: "O0",

"be": "0",

"coach": "0",

on": "0",
"tour": "0",

non
"confirms": "0",
"BCCI™: "ORG",
"president™: "0",
"Sourav": "INDIAN NAME",
"Ganguly™: "INDIAN NAME",
"[SEP]": "O"

}

Fig. 2. The output dictionary

VI. CONCLUSION

In this research,the stateof-art named entity recognition
resultsin the detectionof namesof Indian origin using BERT

areachievedWe haveachievedanaccuracyof 98.65%andF1

scoreof 0.96. This resulthasbeenachievedwith a relatively

small datasebf just 6910 sentencesThus,it canbe accepted
that with the help of BERT, one can train an extremely

accuratecustomnamedentity recognitionmodel evenif the

amountof training dataavailableis very low.
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Abstract In t o d atynd, shuman beings have become more

dependenton technology.They searchand developsuch kinds of

technologies that complete the work very quickly and more

efficiently. This problem is solved with the implementation of

Robotic ProcessAutomation. It is the new future technologyin the

domain of computer science, Electronic and Communication,
Mechanicd Engineering, and Information Technology. It is the

combinationof hardware,software,networking,and automationfor

making the work simple and easy.Manpower has beendepletedin

the era of Robotics and Artificial Intelligence (Al). It is a fast

implemented processautomationapproachthat usessoftwarerobots
to replacehuman beingsfrom the workplace.This paperdiscusses
RPA in detail. It becomesa compulsory part to complete the

businessoperationsin the organizationacrossthe world. The main

motive to write this paperis to define Robotic ProcessAutomation,

its benefits for the organization, its disadvantages,and also

highlight somedomainswhereit can beimplemented.

Keywords Robots, Automation, Sensors, Atrtificial
RPA

Intelligence,

. INTRODUCT ION

Whenwe hearthetermfi R o b BrocesdAutomation( RP A)
atiny robotwalking in the building in which performingsome
taskcomesto our mind. In reality,i t justsoftwarethefollows
humancommandsand completedvarioustasksat businessit
is a combinationof hardwareand software,networking, and
automationfor reducingthe complexity of things[1]. Various
studiesand researchefiave proven that Robotsand Robotic
ProcessAutomationhavebecomecompulsorytechnologiego
performvariousbusines®perationsn organizationscrosshe
globe. RPA is implementedin the core businesgprocesdlike
payroll of employees,processingon the voice, inventory
managemengndmanymore.

Besides this, Robotic Process Automation has various
applications in healthcare and pharmaceuticals,finances,
outsourcing,retail, real estate telecommunicationand many
other sectors.The year i 2 0 lis8kdown as the year of the
i Ro b BrocesA u t o ma Theimphementatiorof RPAIN
day to day activities of businesshecomesa necessityRPA is
an emergingform of businessprocessautomationwith the
usageof robotsor artificial intelligence(Al). The lifestylesof
human beings are changing with the advancemenif new
technologiesand the introduction of RPA technologyin the
businessvorld [2].

Among the existing technologieslike i Big Data, Atrtificial
Intelligence, Machine Learning, Deep Learning, Internet of
Things, the emergenceof RPA technology has become
noteworthy and powerful. The organizationcan computerize
daily work with quick execution and in a costeffective
manner.RPA is easily integratedwith the process,decision
automationanddatacollectionprocessRPA helpin reducing
processingtime with less human error and also increase
throughpuf3]. The main aim of the organizatioris to increase
operational efficiency with the usage of RPA. In RPA,
6 Ro bart 8 0 in short, representhe softwareagentsthat
interactwith the softwaresystemthat minimizesthe workload
of thehumanbeing[4]

[I. UNDERSTANDING ROBOTIC PROCESS
AUTOMATION

Thetermfi Ro b 8rocessA u t o matells aboutphysical
robots wanderingaroundthe organizationperforming human
tasks,but, it is a softwarebasedsolutionfor all the business
process operations. In terms of business, it refers to

configuringthe softwared r o b ddth tasksthatwerebeing

performedby humanspreviously.RPAtechnologyincludes:

A. Robots

Robots are electromagneticallydesignedmachinesthat are
programmableby computersand are capableof performing
various complex human tasks. These robots are much
intelligent to understand human commands. Artificial
Intelligence (Al) plays a vital role in roboticsto make them
moreintelligentandto makework easier.

They are frequentlyusedartificial intelligencemachinesused
in manufacturing units that use Big Data, Wireless
Networking,Cloud Computing,OpenSourceandothershared
resourcesto improve the working of the robots. In the
upcomingyears,robotsare going to be part of humansociety
[2]. The robotics industry hasbeenboomingin recentyears.
Robots are using wireless networking, big data, statistical
machine learning, and other shared resourcesin various
application areaslike driving, warehouselogistics, package
delivery, housekeepingand surgey to improve performance

[5].
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B. Process

A 6 p r o isdhse mdst commonand mostlyheardterm by

everyonelt is anessentiapartof any systemandis definedas
ataskthatis to be completedlt canbe finishedby the people
or things or by both. A proces takesinput from the different
sourcesandprovidesyou with the outputaccordingto therules
of the processthat is to be executed.The processis a

conversiorof inputinto outputby going throughsomestepsof

execution.In t o d aera 6f gechnologis, every organization
hasadoptedanadvancednethodfor its operationsaandtasksto

be performed?].

C. Automation

The word automationrmeanssomethingthat works by itself or

automatically.6 A ut o mizasicallyraférsto the working of

a processor a sygem automaticallywithout any manualtouch
and providesoutput accordingto the rules of the process.It

includesthe processingapability of a system Automationhas
emergedso well in t o d aesachat it has made household
chores easier too. Some of the home automateddevices
include 1 Amazon Echo Device Alexa, Philips Hue Smart
Light Bulbs, Belkin WeMo Switch, and automatedsmart
devices.Thesesmartdevicesperformthe taskthemselvesvith

theusageof embeddedoftwareandhardware The bestpartof

smart devicesis that they bring the quality of humanbeing's
life, efficiency to perform the task, and easily handle any
situationswhich are not possiblefor humanbeings[6]. The
automationprocesshasmadethingsor taskseasier faster,and
betterand has madehumanbeingsfree from labor. Someof

the automationtechnologiesncludei machinevision, Al for

driverless cars, cognitive computing in loT-connectedcars,
andcollaborativerobots.

Ill. BENEFITS OF ROBOTIC PROCESS
AUTOMATION

Reliability

Increased
Productivity

Lightweight

Better
Accuracy Fast
Cost
Savings
productivity

Increased

Speed and
Benefits
of RPA

Super
Scalable
Improve
Compliance

Easyto
Configure

Fig. 1. Benefitsof Robotic ProcessAutomation

A. BetterAccuracy

Robotic ProcessAutomationsoftwarerobotsare programmed
to follow rules.Theynevermakemistakesandtheir resultsare
accurateandreliable.[2]

B. ImprovedCompliance

RPA robots work according to the instructiors or
commandswere given to them. They are much more
reliable and thus reducerisk. Everything that an RPA
robot doesis monitoredand controlledaccordingto the
existingrulesandregulations.

C. FastCostSavings

Processingostsreduceup to 80% by the usageof RPA.
Enterpriseshave a positive return on the investmenton
RPAIn lesstime.

D. Increasedspeedand productivity

RPA robotsareautomatecandthusit eliminatestherole
of manual power. It even removes nonvalueadd
activitiesandreduceghe presureof thework.

E. SuperScalable

RPA robots perform massivecomplex activities in lesstime
and with minimum cost. Thus, they can be expandedand
engagedon a wider scalein minimum time and less cost
accordingo thework rulesandflexibility.

F. Consisteny

Eachtaskis performedthe sameway eachtime. Since
the RPA robots are programmedand are automatedso
they need not be programmedagain and again. Every
time the same task is performed, it is performed
similarly.

G. Easyto configure

RPA technologyis easer to configureand one doesnot need
any programmingskills to use RPA technology.It simply
involvesdraggingandlinking theiconstogethemhile using.It

canbe usedfor businesgrocessegvenwith zeroknowledge
of programming.When a user dragsand drops an icon the
code of thaticon is generatedautomatically,so he doesnot
needto haveprogrammingknowledgebeforeworking with the
RPAtechnology7].

H. Lightweight

RPA is a lightweight technology. Using RPA would not
disturb any functioning of the computersystemand it even
doesnot needmuch support.lt evendoesnot needto create,
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replace or developmany expensiveplatformsfor installing. It
works with the computersystemin the way a humanworks,
just by usinga login id and passwordlt even doesnot store
anydatasoit doesnotrequireany extrainternalspace?]

I. IncreasedProductivity

With the implementation of RPA, the process cycle of
productionis canbe completedin a small amountof time as
comparedo the manualprocesf produdion.

J. Reliability

RPA robotswork tirelesslywithout any interruption.It works
24*7 withoutfail.

IV. ROBOTIC PROCESSAUTOMATION
APPLICATIONS

Robotic ProcessAutomation (RPA) comes forward as the
softwarebased resolution to automaterulesbased business
processesthat engage routine tasks, structured data, and
deterministicoutcomesilt is the mostpowerfultechnologythat
providesvariousoperationabhdvantageandalsoprovideswith
variousapplicationsexplainedasfollows:

*Reduce the cost of Business

Credible Business .. .
*Eliminate Risk

Transformation

eExtract the meanining full
data from the large amount of
digital data for investigation.

*Reduce processing Time

*Done the complex task in
simple way.
IT Department Enabler ePerform the repetitive and rule
based task.
eHelp in Auditing practice by

RPA.
Auditing practice eFast processing of Large data in
files in digital format

*RPA use to extract the deep data
Web Crawling from \_n.reb by using deep learning
techniques
T *Reduce processing time
*Error free Result

Fig. 2. Application Domain of RPA

Digital forensics

A. CredibleBusinessTransformation

With the introductionof RPA technology businessperations
areto be changeddrastically. This will evenaffect the profit
and growth of a businessSincethe RPA robotsare efficient
and require low-cost digital labor, thus the cost of business
reducesandeliminatesisk.

B. EducationSystem

With the implementatiorof RPA in the educationdomain,the

result analysisof s t u d exarhirfasonresultsis errorfree

with 94.44% less time is taken to preparethe result as

comparedo a manualanalysisby humanbeings.RPA process
takesinput in pdf formatandfor automationon this pdf file is

using the Automation anywheretool. With this tool, all the

entriesareconvertednto excelfrom pdf automaticallywithout

theinterventionof humanbeings.Now on excelsheetsproper
analysiscanbe donefor eachsubjectof the studen{8]

C. Auditing practice

RPA alsoplaysanimportantrole in auditing practice.For the
implementation of RPA, audit industries have 4 stages
framewak to help auditorslike the selectionof appropriate
auditproceduremodify the currentprocedurejmplementation
andevaluationof performancd9]

D. WebCrawling

Robotic ProcessAutomationtechnologyusesa wide rangeof

artificial intelligenceand deeplearningtechniquego evaluate
thedata.lt cancapturethedatain anyformatlike 1 text, audio,
video, pictures.etc. It canextractdeepdatafrom thewebusing
deeplearningtechniques.

E. IT DepartmentEnabler

Robotic ProcessAutomation uses 6 R o b that £dpy and
follows what a human does. It performs tasks that are
repetitive and rulesbased.Theserobots are programmedto
performcomplextasksin amuchsimplerway andin lesstime.

F. Digital forensics

In the field of digital forensic, data in digital forms is
increasingday by day. Now digital evidenceis provided for
investigative support in many criminal investigations. To
handlea large amountof data, requirethe implementationof
RPA to extractthe processand provide the report basedon
given digital evidence At that time, RPA plays an important
roleti investigatingthe crime on digital dat410]

V. DISADVANTAGES OF ROBOTIC PROCESS
AUTOMATION

A. Expensive

Businessefavemanymonetaryrestrictionsdueto which they
needto analyze think, andtake a cdlective decisionto make
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any kind of expenseRPA technologyrequiresa good budget
before being purchasedSo this lacks a businessfrom using
RPAtechnology.

B. Lack of technicalknowledge

Peoplebelieve that for using any technology,the endusers
requirea lot of technicalknowledge Evenin the caseof RPA,
i t b&levedthatthe usersmusthavethe technicalknowledge
to useand implementRPA in organizationsThis holds back
somebusinessefom usingRPA for their processes.

DISADVANTAGES OF RPA
* Expensive
=Potential Job Losses

*Replacing Human Power
*Requires Changes
*Lack oftechnical knowledge

Fig. 3. Disadvantagesof Robotic ProcessAutomation

C. RequiresChanges

Implementingnew technologyinvolvesa lot of changesn the
systemas well as proper tools for implementation.These
modificationsmake the businesse#old back from switching
to RPA technology Dueto this, the RPA technologylagsfrom
beingimplementedn variousfields.

D. ReplacingHuman Power

The introductionof robotsin the world hasmadepeoplefear
being replacedby machines.Sincethe robots now work just
like a human,performeverytasklike them,RPA has a major
drawbackamongpeoplethat fear beingreplacedby machines
in their fields, thusleadingto unemployment.

The main purposeof RPA robotsis to supporthumanwork
and not replacethemin their fields. Henceforcing peopleto
think beforeimplemening RPAtechnology.

E. PotentialJob Losses

The biggest concernon the implementationof RPA is the
impacton jobs for employeeslf a robot can executethe task
very fast and at a more consistentrate then the fear that
employeesnaynotberequiredatall.

VI. DEVELOPING PROCESSFOR ROBOTIC
PROCESSAUTOMATION

ThedevelopingRPA hascontainedour phaseg$11].

In assessphaseof RPA, processeshat are automatedare
investigated.This phaseprovidesthe assessmenteport that

includes the detail of the project and also contains the
feasibility reportof the RPA.

Implemen

Approve tation

Design

Fig. 4. Developing process of RPA

Approve is the second phase of RPA. Before the
implementationof the processimproved by RPA, the whole
documentatiorof the AS-IS process(performedby humans),
and analysisand documentatiorof the TO-BE process(now
performedby the robot), needsto be done using Business
ProcesdModel andNotation(BPMN).

The third phaseof RPA is design.In this phasethe developer
choosesthe developing tool, and after that roba will be
developedbasedon the requirementDevelopmentteam uses
the iterative processfor the developmentof the robot. This
phaseendswith the useracceptancgestingof therobot

Implementatioris the lastphaseof RPA. In this phaserobotis

working in the real environment,behavelike ane mp | oy e e 6 :

andits performances alsomonitored

VIlI. CONCLUSION

In this era of advancedand powerful technologies,Robotic
ProcessAutomation will soon take up the market and will
emerge as the most powerful technology of Information
Technology and the Computer Scienceworld. Robots and
Robotic Process Automation technologies are becoming
compulsory.Soontheywill completelyreplacethe manpower.
Theyaregoingto performthe entirecomplextaskandperform
every task that a human being can do. Every business
organization requires some technology to grow. Powerful
technologyandefficienttechniquesrethe needof thehour.
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Biot NumberEffecton MHD DoubleDiffusive Flow
of Nanofluid Pasta Linear StretchingVertical Plate
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Abstract Present work shows the analysis of steady two-
dimensional laminar flow of fluid containing nanoparticles
(Nanofluid) over a stretching sheet with convective boundary
condition. The effect of Dofour effect and Soret effect has been
considered in the non-homogenous model for transport
phenomenon given by Buongiorno [1]. Firstly the transport
equationshas been converted to the non-dimensional form using
similarity transformation and then thesetransformedequationsare
solvedusing shooting method. Effect of Biot number is illustrated
graphically on dimensionlessvelocity profile, temperatureprofile,
soluteconcentration and nanoparticlesvolumefraction.

Keyword- Nanofluids, MHD, Double Diffusive, Mixed Convection.
Nomenclature

a Constant
Strengthof magnetidield applied

0, Solutalconcentratiorof salt

D10 Ambientsolutalconcentratiorof salt

O Solutalconcentratiorof saltatthewall

0, Nanoparticleolumefraction

05 Ambientnanoparticlesolumefraction

Ds Nanoparticlevolumefractionat thewall

T Nanofluidtemperature

T Nanofluidtemperaturat sheet

T.. Ambienttemperaturef thefluid

u,v Velocity componentsalong x- axis and y-
axisrespectively

U, Velocity of thesheet

Xy Cartesiarcoordinates

P Dimensionlesstreamfunction

k Thermalconductivity

M Dimensionles$agneticfield

Nu, Local Nusseltnumber

Ra

X

Ln
Ld
Le
Nr
Nd
Nb
Nt
Nc
Nur

(Pf)f
(pc),
Br

Local Rayleighnumber

Rescald nanoparticlesyolumefraction
Biot number

Soretdiffusivity

Dufour diffusivity

Prandtinumber

Browniandiffusion coefficient
Thermophoretidiffusion coefficient
Solutaldiffusivity of porousmedium
ThermalGrashofnumber

Buoyancy force owed by temperature
difference

SolutalGrashofnumber
Accelerationdueto gravity
Nanofluid Lewis number
Dufour-solutalLewis numberof salt
RegularLewis numberof the salt
Nanofluid buoyancyratio

Modified Dufour paramete
Brownianmotion parameter
Thermophoresiparameter
Regularbuoyancyratio of the salt
Reduced\usselthumber
Dimensionlessolutevolumeconcentration
Greeksymbol

Heatcapacityof basefluid
Heatcapacityof nanoparticles

Volumetric thermalexpansiorcoefficient of
thefluid
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T Shearstressat surface

a Electricconductivityof basefluid

N Similarity variable

u Dynamicviscosityof the basefluid

Bc Volumetric solutal expansioncoefficient of
thefluid

Py Nanoparticlesnassdensity

P Basefluid density

7 Dimensionlessemperature
Subscript

f Fluid

o Ambientcondition

w Conditionon surface

. INTRODUCTION

Nanofluid is an efficient heat transfer fluid having various
engineering applications. Firstly Choi [2] gave the name
nanofluids to the heat transfer fluids containing nanosized
(1 — 100 nm) solid particles.Theseheattransferfluids have
various applications like nuclear system cooling, engine
cooling, in car radiators,geothermalenergy sources,micro
channelsdomesticrefrigerator[3]7 [5] etc. Fluid flow dueto
stretching/shrinkingsurfaceshasa variety of applicationslike
fibre creation, paper formation, manufacturing of plastic
sheets,crystal developing,wire drawing, tinning of copper
wires, plasma studies etc. Crane [6] firstly analyzed this
problem and found an analytic solution. Khan and Pop [7]
numericallyexploredthe stretchingsheetproblemconsidering
nanofluid. In the current study, we have endeavoredto
investigate numerically double diffusive mixed convective
boundarylayer flow of nanofluid pasta stretchingsheetwith
convective boundary conditions considering Buongiorno
model [1]. We have used the revised model in which
nanoparticles/olume ratio at the plateis controlled passively

[8].

. MATHEMA TICAL FORMULATION

The model considered assumessteady, two dimensional,
laminar flow of incompressible,homogenous,electrically
conductingbinary nanofluid along a vertical stretchingsheet
(seeFig. 1) which is stretchedby giving a velocity u = ax (a

is constant).The basefluid is a dualfluid suchassalty water.
x-axis is taken along the sheet and y-axis is taken
perpendiculato it. The fluid is flowing in the region v = 0.

An invariable magneticfield B is appliedalong y -axis. The
nanoparticles volume ratio at the surface is controlled
passively.The denotationsof physicalquantitiesinvolved are
givenin the nomenclatureThe time independentonservation

of mass,momentum energy,nanoparticlesrolume ratio and
solutal concentratiorequationsafter applying boundarylayer
approximatioraregivenas

!

| Y

N I —

I

[ —

X
Fig. 1. PhysicalModel

1. MassEquation
du ﬂv_ (1)

—+—=0,
dx dy
2. MomentumEquation

d%u

aP du du

i —pf(ua+ UE
~oB*u+[(@, - ®2m)@p _Pf)

+(1 =0, Her(1— BT —To) — Be, (D, — D, )} g

dP (3)
ay

)

3. EnergyEquation

or | oT _ 3°T b aTacinr(DT)(&al)?
Yox ey T Yoy oy ay T\ \6y
320,
+DTC a}}z »

SoluteConcentrationEquation

09, 00, T
“ax vﬁ‘__v - Ty

20,

*ay?’

(5)
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Nanoparticled/olume ConcentratiorEquation

6®2+ 6@2_( )62T+ a*0,
" ax vﬁy B ayz P ay?’ (6)

subjectto the conditionsat the boundary
aty =0,

u=ax,v=20,
aT
—k—=hlT;—-T),
(1)
®1=®1w’
D5V20,, + () v2T=0,
(5]

u—=0v—-0T-T,,

0,-0,.0,-0,.. 0
where
@ =m0t =(p0),/ Oy (8)

RemovingP andapplying the similarity transformations
givenas:

u = axP'(n),v = —VavP(n),

9
11=IV,8(1]J—; _T;Cf ®)
Q) = @@ ‘_% R(n) = @62 %m

we getthe subsequentoupledequations

lP."."." + PP” _ (PF)E _MZPF
+Gr(68 + NcQ —NrR) =0,
6" + Pr(P8' + Nb&'R'+ Nt(8')? + NdR'") = 0, (11)
Q" + PrLePQ’ + LdPre" =0, (12)

(13)

(10)

" . ! E L
R + PrLnPR + b& =0,

subjectto the conditionsat the boundary

P(0)=0,P'(0) =1,
8'(0) = —Bi(1 —6(0)),
Q(0) = 1, NbR' + Ntg' =0,

P'(2) = 0,8(») = 0,Q(x) =0, (14)
R(e) =0,
where
Pr = E,Rax = uW(I)I,Le _= :
o v D, (15)
1d aDp(T—T, ) a ’
DS‘(@ @1&:\) DE
Nd = Der(@,,, — sz),M _ UBQ’
v(T,, — T..) apg
(1—0,.)P709x*Br(T— T, )
Gt = 3
v
Gt .= D
Gr = ——,Nb = Oz = P20) D51
Ra, v
T—-T.,)D
Nt = ( m) Tr,
vT,
N?' — (®2w_®2m)(pp _pf)

Pr (62 - sz)}gr(T -T,)
(1- ®2m)pfmgxgﬁ?'(®1_ ®1m)

Bc = "
NC_E_E_}&C[:@:L_@:LDD)
Gt Gr B(T-T.)

Br =

Bc Bi 9h
——,Bi= |——.
Ra,’ ak

[ll. NUMERICAL SOLUTION AND
JUSTIFICATION

The equations(10)-(13) along with boundaryconditions(14)
are firstly convertedinto initial value problem (IVP) by
assuming

(P, P, P". 8,8, Q, Q’,R, R’) =
(2(1),2(2),2(3),2(4),2(5),2(6),2(7), 2(8),2(9)).
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z(1)' = [z(2)]

Z(2)' = [Z2(3)] (16)
Z(?:-)’ B 2(2)2 - 2(1)2(3) — G?‘(Z(4)
"~ +NcZ(6) — NrZ(8) + M?Z(2)
Z(4)' = [Z(5)]
Prz(1)z(5)
! 1 +NbZ(5)Z(9)
z(5)' = (NdePr?) +NtZ(5)2
—NdPr2Lez(1)Z(9)
Z(6)' = [Z(7)]
Prz(1)z(5)
LdPr
P — )| —NdPr’Lez(1)Z(9) +
z(7) = (LdeP?2)(W(5)Z(9)+Mz(5)2){ ]
—PrLez(1)Z(7)
Z(8)' = [Z(9)]
(camamspr=—n)
- \LdNdNbPrz — Nb
, Prz(1)z(5)
Z(9)' = (—NdPTzLeZ(l)Z(‘)) + NbZ(5)Z(9) +)
NtZ(5)2
—Prinz(1)z(9)
with theinitial conditions
(17)

ZT _ (O,l,l'l, l,;\fz,Ig,—BE(l - IE)J)T

Initial conditions(17), do e s habetthe valuesof unknown
Z(3),Z(4),Z(7) and Z(8) i.e. P"(0),8(0),Q'(0) and R(0).
For this, we estimatetheir valuesso the distantconditionsi.e.
P'(0)=10,8(0)=0,Q(c0) =0,R(c0) =0, are satisfied.
Here we have taken n, = 6. RKF45 method is usel to
discoverthe solutionusingcodingin MATLAB.

IV. RESULTS ACHIEVED

We haveendeavoredo investigatethe impactof Biot number
Bi on dimensionlessvelocity P’, temperatureprofile 8,
dimensionlesssolute concentration®; and dimensionless
nanoparticlessolume fraction @, which are describedin Fig.
2,3.Defaultvaluesof otherparameterinvolved aretakenas\

Pr=6.2,Lle =1,Ln=10,Ld = 0.1, Nr =0.5,Nt =
03, Nb=0.1,Nc=2Nd=01M=1,6r=1

To validate the resultsfound, we have comparedthe results
with the resultsobtainedby Khan and Pop[7] andresultsare
foundto bein thegoodagreementThereforewe areconfident
thattheresultsobtainedn the presenproblemarecorrect.

TABLE 1. Comparison of Nur with the result obtained by Khan

and Pop[7]
Nb Nt Nur Nur
(Khan and (Present)
Pop[7])
0.1 0.1 0.9524 0.9523
0.3 0.5201 0.5203
0.5 0.3211 0.3211
0.3 0.1 0.2522 0.2512
0.3 0.1355 0.1356
0.5 0.0833 0.0833
0.5 0.1 0.0543 0.0543
0.3 0.0291 0.0292
0.5 0.0179 0.0178

Fig. 2 depictsthatas Bi increasedoth dimensionlesyelocity
profile P'(r)) andtemperatureprofile &(n) rise.Increasen Bi

givesstrongerconvectiveheatingof the surface which results
in increase in the surface temperature and hence the
termperatureprofile.

Fig. 3 showsthat with the increasein Bi, @,increasesand
hencethe thicknessof boundarylayer increases.Also this
figure showsthat @, firstly decreaseandthenincreasesith
increasan Ei. Also it is depictedfrom the figure that thereis
negative value of @, near the surface as due to higher
temperatureat the surfacethan the ambienttemperaturethe
thermophoretic force results in depression of their
concentratiomearthe surface.

0.9 - P'(n)

0.8 - 0(n)

0.7 -

0.6 -

0.5 Bi=0,1,3.5

P'(n), 0(n)

0.4

0.3 -

1] 0.5 1 1.5 2 25 3 3.5 4

Fig. 2. Variation of dimensionlessvelocity P' and temperature
profile @ with Biot number Bi
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the surfacedue to depressioreffect of thermophoreticforce
nearthe surface.
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Abstract In recent past | studied basic results for Lp-Norm by
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.  INTRODUCTION
Gupta et al [5] introducing the following Baskakovakov
Durrmeyeroperatorsas

For fecC,[0,m)=f€eEC[0w);|f(t)<M(1+t)", for
someM = M = 0,a = 0, [5] aredefinedas

B, (f(t),x) = Z?:lp“'”(x) fgm by, ,()f(£)dt + p,, o(x)f(0)

= [ W, (x, t)f(t)dt where

n+rv—1 x¥ 1 Ll
Pn v(x) = ( ) vt bn v A . ntrti
! 17 {1+x) Bin+1u2)(1+1£)

and

W, (2, ) = X321 Py ()b (6) + pr o (x)8(2), and 8(t) being
the Dirac-delta function. The spacecC,[0,o2) is normed by
Iflle, = sup IF@®)(L+)7I.

0=t

Let dg,dy,d;,.....d;, be k+ 1 arbitrary but fixed distinct
positive integers.Then, the linear combinationB, (f, k, x) of
Ba (f.x),j=0,1,2,...,kisgivenby

By (f, K, ¥) = ZhoC ) Ban (£, ),
whereC(j, k) = [1i%o i Lk +0andc(0,0) = 1.
1= 40k

Thesdinearcombinationsverefirst usedby May [2]

And laterby Kasand3] soexponentiabperators.

II. DIRECT THEOREM

Theorem 2.1 Let f€L,[0,0),p=1 If f has 2k +2
derivativeson I; with

fE*DeA (1) and fE*2 e (1), then for all n
sufficiently large

18 k) = ey < MG [lF@)

||f||Lp[0.m]}

, WhereconstantV is independenof f andn.

Proof. By T a y | expargsierof f, we have[3], for x € I, and
t €l [4]

£ = 225 2 fO () + s [ -
W)L FCRD) (w)dw + B (e, 1) (1 - p(8))
(D)

whereg(t) denoteshe characterist functionof 7, and
F(t,x) = f(t) — zml“ 2 () (x), for all t € [0,00) and
x €L,

Operatingon this equality (1) by B, (-, k,x) and breakingthe
right hand side into three parts E,,E, and E;, say,

correspondingo the threeterms on the right handside of (1),
we have

||El||Lpi'!gj = Mﬂ_ilk"—l) (E_?ﬁ:{-l”f”j||LP(';2:|) =

Mn~(k+D (Ilfllapug:u + ||f"2k+2:'||ap:':g:|)

in view of Lemma2.3[4] and[6].

Suppos¢h bethe Hardy-Littlewood majorantof f*¥*2) on1,,
sowe candefine
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sup 1

Gy ey
=t % vzl fFFPOldt @y <t < by

he

To estimate E;, Using Holde® snequality and (4.3) and
remarkof [4], we get

1= |Ba(0(0) [1( = w)* f R D w)aw, )| <
B, (QD (£)|t — x|2k+1 |f;|f{2k+2) [w)|dw|,x)

s ES 1
< (Ba (It — x| 229(), x)Ja{B,(|he (D] (), 2)}?
. 1/p
< M= (2w, 0 1) |y (0)de)
Hence by theoremof F u b i amd[1§, we have

WAllE ) < Mn=Cerbe 2 (j";; W, (x,)de ) | () dt <

Mn_c-k+1:uv||hf||fpc':i:.

Consequently,

||fl||ch-I2:, = Mﬂ—c'.r;+l:|||fc-zk+2] ”mej.

Thus,we areledto

||E2||Lpt'fg:l = Mn—t‘ml)||ft'2k+2)||Lpil!i:l_

For t € [0,c0)[a,,by],x € I, there exist a § = 0 such that
|t — x| = & whichleadsusto whatfollows,

| (F(£.)(1 - 9(0)), %)

e P . 8 I:j}"\l
< 67423, (O 0%+, 0) + B35 S g (1e -

x|2k+j+2’x):|

=:]2+]3

UsingH o | diregualgyand(4.4) Lemma2.4[4], we get

2l = MR- (B, (IF )12, )) 7.
Now, applyingF u b i tineorémasearlier,we obtain
Wally, iy < Mo~ ®DIfll, 0,00

Moreover,useof (4.4)[4] and[6], getsusto

Wsllyizy < M0 (1fll i + £, )
Therefore,

||Eg||Lp:':gj < Mn~ (D (”f”[.p[n.mj + ||fi'2k+2:'||ch-;2:,)-

On combining the estimatesof E,,E, and E;, the resultis
obtained.
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Abstracd In this paper,a velocity level path planning approachis
proposedfor the mobile robot for following a visually detected
object. The path planning of the mobile robot to track a moving
objectis a local path planning problemasthe mobile robot doesnot
have a-priori information about its environment. Therefore, the
instantaneousreading of the sonar devicesranging limits, opening
angles of beamsand their physical placementon the robot, are
consideredvhile commandingthe robotto detectcollision and avoid
obstacle during tracking. As the object is detected visually,
coordinatestransformation schemesare developedto convert the
image coordinatesto the global frame coordinates. The object
tracking is tested in the player stage simulator to justify its
applicationin the real world. The Path planning algorithm and the
coordination transformation schemesare successfullyimplemented
in real time on Pioneer P3-DX mobile robot from Activ Media
Robotics.

Keywords:object detection,object tracking,velocity level
planning

path

.  INTRODUCTION

Mobile robot is suitablein variousfields suchas surveillance
[1], hospitals[2], museumd3], offices[4] etc.All thesefields
requiresomesort of tracking of rigid and non-rigid objectsin

any randomenvironmentGreatdeal of researchn this field is

doneand ot is underresearchRameshet.al.in [5] cameout
with analgorithmdealingwith staticdistributionof images, it

uses Mean shift algoiithm. Bradski [6] used Continuously
Adaptive Mean Shift Algorithm (CAMShift) trackerwhereit

recordsthe headand face movement.Later hybrid CAMShift

algorithm was proposedin [7] that limited the use of single
hue.While usingany of thesealgorithmfor the mobilerobot,a

path planning algorithm is required to follow the object
without hitting the obstacles.

Pathplanninginvolvesidentifying oneor moretrajectorieshat
amobilerobotshouldfollow to reachthe objectfrom its initial
location. Therearetwo typesof pathplanningwith respecto
the knowledgeof navigationenvironmentone is global and
otheris local. In global path planning[8], a mobile robot has
all environmentalinformation and it can plan its motion a
priori. But, in local path planning [9], a mobile robot has
limited informationaboutthe navigationalenvironmentlt has

to decideits motion asit exploresthe environmentusing the
instantaneousensorsreadings.It should endow with some
obstacledetectionand avoidancemodule,so that it canreach
the objectwithout hitting any obstaclesSo, the pathit takesto
reachits objectlocation from its initial location may not be
optimal one. Obstacle avoidance involves planning and
modificationsof the mobile robot trajectoryin order to avoid
any collision with obstaclesA mobilerobotreliesonits sensor
readingsto understandsurroundingenvironmentand presence
of obstaclesA sonarbasednavigationschemeis proposedn
[10], havinglevel control of position.In positionlevel control
of the mobilerobot, thetrajectorygeneratedby the robotis not
smooth.The presentwork is a modification of the work done
in [10] anddoesthevelocity level control of the mobilerobot.

The paper has been organizedin eight sections.Section Il
describesthe coordinatesystems transformationand system
modelingof the robotwhich is requiredfor the path planning.
Sectionlll elaborateghe proposedmethodon path planning
for the mobile robotin dynamicenvironmentSectionlV and
V elaborags the experimental results and conclusions
respectively.

. COORDINATE SYSTEMS, TRANSFORMATION
AND SYSTEM MODELLING FOR THE ROBOT

1. Coordinatesystemsand transformation

Globalandlocal frameof coordinatesystemdor therobotand
coordinate transformatio: Global and local frame of
coordinate systems are needed to make proper velocity
decisionfor avoidingthe obstaclesandfor trackingthe object.
The first local robot frame, when the robot was static is
definedasglobal frame of coordinate As the roba moves,its
local frame of coordinatechangeswhile the global frame of
coordinateremainsunchangedif the coordinatef a point is
knownin thelocal frameof robotthenits coordinatesn global
frame can be calculatedby using the odometry data of the
robot, the coordinateof robot gravity centerin global frame
(%, %) andangle(d) by which the local frame of the robotis
rotatedwith respecto theglobalframeaboutthe z-axis.
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Fig. 1.R o b oglobakand local frame of coordinate systems

As shown in figure 1, a target center point P having
coordinates(’, , 'y, ) in the local frame, its coordinatesin
globalframecanbecalculatedas

e X gecosq - sing g IXpé es 1)
A
U&ing  cosg v &l

where,(gxp, 9%, arethe coordinateof targetcentrepoint thein
global frame of coordinate. This matrix equation can be
rewrittenas:

gR IP+ gPlorg (2)

where,9 P is the descriptionof point P relativeto G, Ipis the
descriptionof point P relativeto L, 9R is the rotation matrix

described. relativeto G and 9 Py is the vector that locates
theorigin of L relativeto G.

2. Transformation of the object coordinates from image
frame to local robot frame: Transformation of object
coordinatess importantto designany robot motion controller.
Theangleof objectis givenby

f X
y=—- +f1 3
2 X
where,' is the angleof the objectwith respecto the robot, x

is the x-coordinateof the objectin image frame, xmax is the
width of theimageandyliis the view angleof the cameraOnce
the angle of the object with respectto the robot is known,
sonardatameasuresthe objectdistancethe sonarfor which the
condition

yi [ b b ] is satisfied,its reading(s) gives the distanceof

the object with respectto the robot. So, the Cartesian
coordinateof the objectin thelocal robotframeis givenby:

é' X, @ ES xcoy

4
ey 885 xsiny ®

It is to be notedthattransformatiortechniqueusesinformation
from sonarsensorswhich is a cheapsensorand canbe easily
placedovertherobot.

3. Systemmodelling

i) Robot safety clearance ‘:It is the desiredsafety of the
robotin anyanonymougnvironmengivenby :

min

gs,:ifs, > R, -F
be
iR

- R otherwise

(5)
where,

R-radiusof themobilerobot

Rmax- distancefrom the robot centerto the furthestpoint on it
Sminis the minimumdistancethatsonarcandetect.

i) Essential clearance angles of robot: The desiredrobot
anglesareasfollows

n=g
bl =h

normal

=
N
k=]

N\m I\)\m N\“’ N
)

]
symin

=

:
N
N k=R

]
symax

&y
1
=)
ip
i
€y
_1
L
ip
i

:.
S
N Y‘Q.

(6)
j=0,1,2,...,nnumberof sonars.

2-anglebetweertwo consecutivesonars.

d is the placementangleof jth physicalsonarwith respectto
thelocalrobotframe

bl , | i , i , i
b ( s sy o )represent$heangleof sonar
beamwith respecto thexx1 axis.

D31 Dz



MSIT Journal of Researchi SATYAM

Vol. 9 (2020-21) | ISSN: 2319-7897

iii) Forward safepath limit: In this section,we havedefined
a forward safe path limit for sonarsensorsplacedover the
mobile robot to detectthe presenceof the obstaclesin their
forward path.Theforward safepathlimit is definedas:

. _eR+ 9 —|Rcos jk

fd- path

: )
normal

|cosb

Shoe = MIN{ e &1 pacd (®)

Where,s..is the maxi um rangeof the j» sonarand Sjimit is the
forward safepathlimit of the j» sonarfor a safetyscaling‘s(‘s
6 1). If the readingof any sonargoesbelow its forward safe
limit, it meangthatthe obstacles detectedn the forward path
of therobot.

lll. PATH PLANNING

The pathplanningof the mobile robotto tracka moving object

is a local path planning problem. In local path planning, the

mobile robot does not have a-priori information about its

environment.lt hasto decideits motion as it exploresthe

environment.So, the trajectory it generatedor tracking the

objectmay not be an optimal one. However,in this work, we

have tried to make the robot movement as optimize as

possible. The path planning problem has been decomposed
into two partsnamely (1) Obstacleavoidancetask (2) object

trackingtask.

1. Obstacleavoidancetask

Obstacleavoidances anintegralpartof planningalgorithmof

motion implementedon robots navigationin an anonymous
environment. Obstacle avoidance task may be further

subdividedinto two parts(1) Obstacledetection(2) Obstacle
avoidance.

i).Obstacle detection: In this work, obstaclesare detected
using the forward safe path limit, as discussedin section
[IB.iii. If any sonarreading(g) goesbelow from its forward
safe path limit (Siimit), then therewill be an obstaclein the
forward path of the robot.. In this criteria, the robot will first
attendthe obstaclewhich is havingminimum ordinatein local
robotframe.This criteria minimizesthe valueof turningangle

min

requiredto avoid an obstacle The minimumordinate y " _is
foundoutas:

min

You o = MiN(RsinA" +s sin 4, )

Symin (9)
where, k N (positional number of sonars which detect
obstacles)Whenthe obstacledies on both side of the robot,

theminimumordinatecriteriacannotbe applied..

ii). Obstacleavoidance:If thereis a single obstacledetected,
find outthe positionnumber(k) of thesonarwhichis detecting
obstacleand ordinate of the obstacle.In case of multiple

obstaclesfirst checkthe location of the obstacleqleft/right)

using the position number of the sonars.If the multiple

obstacldies eitherin left or right sideof therobot,find outthe
position number (k) of the sonarwhich is having minimum

ordinateamongall the sonarsthosedetectedbstacle (ax, ay)

arethe coordinatesof the clearancepoint on the new forward
pathandcalculatedas:

X g €osh' @  €cosb
éay ER*&mhk HS:* %inb“
(10)
Therequiredturningargleis calculatedas:
ca=bxl {af
ab=+ ca2 +ay2
e - %b2+ -cdl ,6
1 cos 1%ﬂ g)r— left -turn
i ¢ 2ab.ay .
Z = I o 2 2 ~
T 1%’ +ay - 0
1- cos 1§$ ng -right turn
ab.a .
f ¢ Y + (11)

where, ¢ is the requiredturning angle and bxI="¢(R+ ‘) To
avoid any possiblecollision with the obstacle the velocity of
therobotis restrictedas:

geiif - v, £ 7

|

i0-

V =

r

otherwise (12)
In the case,when multiple obstaclesare detectedand lies on
both sidesof the robot, thenmultiple obstaclesretreatedasa
singlebig obstacle.

Algorithm 1
1. n Numberof sonarthosedetectingobstacles
2:9n] Array of s 0 n aeadingthosedetectingobstacles
3:i[n] Array of correspondingonarindex
4: k is theindexof sonaron which clearanceoint
depends
5: MP is themajorportionof the obstacle
6: imin =i[0]; imax=i[n];
7: Calculatea=41 imin=i[0]; b=imax=i[n] T 3;
8: if a=bthen
9: if g0] < g[n] then
10: MP liesin left sideof therobot
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11: k =imax

12:else

13: MP liesin right sideof therobot
14:k =imin

15: endif

16: elseif a> b then

17:MP liesin left sideof therobot
18:k =imax

19: else

20: MP liesin right sideof therobot
21: k=1imin

22:endif

Therequiredturning angleis calculatedusing equation14 but
the value of ca is now calculatedas ca = bxl + |ax.The
velocity of therobotis governedoy equation12.

2. Object tracking task

For trackingthe object, its gravity centercoordinatesneedsto
be transformedfrom image frame to local robot frame.The
velocityoftherobotis thengovernedoy alinearcontrolleras:

th = kpe + kdeE (13)
where,lge and kqe are the proportionaland derivative constant
respectivelyande = 51 ‘ris the distanceyobotis supposedo
move to reachthe object. The maximumvelocity, which the
robot can attain dependson the local environmentsensedby
thesonarsandis calculatedhs:

S

As s .
V.. = mmag —, 5Sn €
(; ilmit §2mit $ﬂi[ +| t

where,i is the index of the sonarfor which ratio 5 /S jimit is
minimum. If any obstaclecomesin the forward path of the
robot, then obstacleavoidanceaction is executed.After the
executionof obstacleavoidanceaction,therobotgetsdeflected
from its targetdirectionalline. So, it is requiredto know the
location of the objectwith respectto the robot, to resumeits

path. As the objectgravity centercoordinateq “x , °y,) and

*Or

(14)

the robot pose (°x , °y ,q) are known in global frame of

coordinate the location of the objectwith respecto the robot
canbeeasilyfound.

ég _ 9
g, =tan’ oo Y

c %X
9w = 4 - 4

where, g, is the desiredheadingof therobotto havethe object

in thecenterof its view. If g, is negativethentheobjectis in

right side of the robot and thereis a needto searchopening
towardstheright sideof therobot.If g, is positive,thenthe

objectis in left side of the robot andthereis a needto search
openingtowardstheleft sideof therobot.

3. Path planning algorithm

Start

Define forward safe
path limits

Tum by angle
Check for obstacle
ee| Avoid obstacle ; i
yes| TEat
Obztacle — | Tum by angle { _+P§?ﬁ[ t?j-?ﬁ-lpomm
datected Velacity vy £ "'I
2
g Search for thj_d
- — opening towards
Move robot with i reat
velooity vy, f:ien-nua-\gel
o Target oo Opening
Reached found
a
J‘ yes - yes
Stop Turn by angle faeg

Fig. 1. Flowchart of the path planning algorithm

IV. SIMULATION AND EXPERIMENTAL
RESULTS

To testthevalidity of the proposedalgorithms,simulationand
real time experimentshas beenconducted.For simulation, a

model of Pioneerrobot P3-DX (red color) is consideredin

stagerobot simulator. The moving objectis takenas another
robot (blue color). Following datahasbeentakenfrom the P3

DX: R =200mm, _ U=1%, 9 =20°, numberof sonas =8, sonar
limit =1000mm, Sim =100MM, Rmnax=240mm.

The workspaceis 16m x 16m, ‘= 0.15 and‘ <=1. Figure 3-8
showsthe different navigationconditionsfor the mobile robot
in anonymousenvironment.The moving objectand the robot
starts from the different initial points. The moving object
moveswith a constanttranslationalvelocity and stopsat the
point whereit met the obstacle.The trackingrobot checkthe
position of the moving object and plansits path accordingly
andavoidsall theobstaclesnetonits way.
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Fig. 3.Navigation of mobile robot in anonymousenvironment

Fig. 4. Navigation of mobile robot in anonymousenvironment
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Fig. 5.Navigation of mobile robot in anonymousenvironment

Fig. 6. Navigation of mobile robot in anonymousenvironment

Fig. 7.Navigation of mobile robot in anonymousenvironment
Fig. 8. Navigation of mobile robot in anonymousenvironment

V. CONCLUSIONS

A geometrybasedsystemmodelling is done for local path
planning of therobot. Velocity level pathplanningapproactis
successfullyimplementedon the mobile robot for following a

visually detectedobject. Simulationresultsjustify the validity
of algorithmin real time. Although, the odometrydatais not
accuate, the algorithm works fine in real time as the error
introducein global coordinatesof objectandrobot getscancel
out.
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Abstract the projectnamedfi P | a ¢ ddmenisttation Sy s t is mcavailableregardingtheir placementsr internships.Placement

a webrbasedstudentand companyinformation managemensystem.
This project is developedbasedon the information and services
provided by the CampusPlacementCell for storing and retrieving
the information of studentsand companieswho visit the campus for
the recruitmentdrives. The systemmaintains an extensivedatabase
of studentswherein all the information of students,including their
personalrecordslike their Phone Number, Address,Email ID, etc.
and the academic performance in terms of both CGPA and
percentageare maintained. The company information, including
the profile of the company,eligibility criteria, the role it is offering
and facilities it provides,etc. The softwareretrievesand operateson

Managementacilitatesthe userin everyaspectith the proper
useof technology.

This projectaimsto developa completesolution wherefinal
year and 3rd-year studentscan seefull details about which
companyis visiting nextin their campusfor internshipsand
placementdrives. A studentis requiredto register for the
website and then provide his academicas well as peronal
information only for the first time. Then whenevera new
opportunityis available,they canapply to it just by a single

this data and displays various opportunities as per the s t u d e nclick, henceavoidinganytyping mistakesnadeduringmanual

eligibility and companyrequirements.The systemtakes complete
care of the authorization and authenticationwhen a user logs into

the systemTo achievethis functionality, we havedesignedseparate
portals for all the students student placementcoordinators,teacher
placementcoordinatorsand placementofficers with different roles
assignedto them. It is a userfriendly systemdesignedfor the

particular needof the collegeto carry out placementsmoothlyand

effectivelyasit is supportedto eliminate the hardshipsfacedin the

existingmanual system.

.  INTRODUCTION

Every institution comprises of several people working

together.Each memberof the institution aims for the same
vision and missionfor the bettermentof their institute. They

give their bestfor the improvementof the institute. But still,

many obstaclesarise in the institute due to less use of

technology and more of the previous working procedures.
Everyone wants to make his workload less and diminish

ultimately with the use of technology,but they d o ngétthe

right platform,andso.

PlacementManagementSystembrings you the best of both
worlds. PlacementManagementis a web platform for the
studentsand the college placementcell where they can get
their entire placementprocessautomatedand are also free
from maintaining the manual records ultimately. Placement
managemengives the usersthe comfort of checkingeachof
their detail relatedto their placementy themselvesandthere
is no need to searchthrough a long list of emails and
WhatsAppgroupseveryday. Therebysavingtheir time aswell
asreducingthe workload on the placementcoordinatorswvho

keep all the placementrelated record of their i nst i t

studentsThe PlacemenOfficer andteachercoordiratorskeep
their studentsupdatedwheneverthere is any opportunity is

filling of forms.

However, a studentcan edit their academicinformaion like
semestemarks,aggregatgercentageCGPA wheneveresult
for any semesteiis declared.Whenevera new opportunityis
availablestudentsare notified over their email providedto us
during their registration.In this way, they are notified timely
and the chancesof respondingto any opportunity increases.
Theyd o rhéveto takecareof their detailswhile applyingfor
any campusdrive. They have to keep their personaland
academidnformation updatedas the sameis pulled from the
databaseavhile applyingfor anyon- campusopportunity.

They can also filter the jobs basedupon their interestand
domainsthey are suitable. They d o nhéwe to scroll down
unnecessarilgeethe posts,not of their field. They canapplya
filter onthejob in the profile theyfit andwantto apply. Along
with this, they canalsoreview the applicationsfor which they
haveregisteredsuccessfully Studentswill only be notified of
theopportunitiegheyareeligible.

This website mainly focuseson reducing the workload of
studentplacementcoordinatorsas they have to make google
forms and maintainexcel sheetsor every new opportunityor
placementdrive. Any slip-up or fault in student database
resultsin multiplying their work. They haveto checkseveral
timesthe acadenic detailsof eachstudentandthis turnsoutto
be an overhead for them. Even sending the reminders
regardingany opportunityand registrationdeadlinesare to be
handledby them.

This web-platform reduceshe workload of studentplacement
coordinators Whenevera teachercoordinatoradds any new
opportunity, the new databaseautomaticallygets createdfor

D35 Dz



MSIT Journal of Researchi SATYAM

Vol. 9 (2020-21) | ISSN: 2319-7897

that opportunity and studentsregistering for the same are
markedwith an entry in the samedatabaseSo, the workload
of maintaining excel sheets diminishes. Also, student
coordinatorswill be providedwith sameoptionsasof a student
appearingor a drive on their dashboardike registeringfor a
newevent,editingtheir personabswell asacademidetails,to
reviewtheir previouslyappliedapplicaions.

Automatic conversionof databasdo excel sheetsis possible
now wheneverit is requiredto forward details of an event.
Studentcoordinatorcankeepthe attendancef anyactivity on
this platform. They can also monitor how many studentsof
their respectiveclasshaveappliedfor aneventandd o rhave
to take care of manually notifying thosewho have still not
involved.

Studentcoordinatorsalso have the authorizationto edit the
detailspreviouslyenteredby the Teachercoordinatorsor any
even, in casetheyfind any discrepancyr improvemenin the
description.They just now needto monitor the registrantsand
thehassleof maintaininglargedatasetsreduces.

Now, coming to the role of Teachercoordinatorsthey have
complete authorization of any work done by the student
coordinators. They have to take care of adding any new
campusdrives or internshipopportunitiesby making an entry
via theinterfaceprovidedon their dashboardTheyhaveto add
necessarydetails when posting a new job like name of the
company, job description, roles for which the companyis
hiring. The other detailed information like attached PDF,
documents,images can also be shared,and their links get
appendedvith the readmore sectionappearingpnc o mp a n
descriptian for studentswho are qualified andviewing it over
their dashboardTeacheiCoordinatorcanedit the information
onceaddedor deletethe postsif required.They canadd new
studentcoordinatorsand evendeactivatetheir accountsat the
beginningof the new academicyear. They can also generate
the excelsheetgegardingthe completedetailsof studentsvho
haveappliedfor a specificjob.

Training and Placement Officer (TPO) also have the
functionality of having an overall overview of the numberof
appicantsfor a particularcampusdrive or internshipinterview
and can maintainthe statusof the placedstudentsin various
campusdrives. They cangeneratdinal reportsfor the overall
participationfor acampusdrive, andalsothe yearly placement
drivesrecordgto sharewith the collegeadministration.

II. AIMS AND OBJECTIVES

The problemsin the existingmanualsystempoint to the need
for a fully dedicatedand automatedplacementadministration
systemto carry out placementsmoothlyand effectively. The
main objectivesof the proposednethodare:

1. It aimsto providea commonplatform for the studentsof
Maharaja Surajmal Institute of Technology (MSIT) for

easy management of their information

placementctivities.

regarding

N

The aim is to minimise the manualworkload of creating
forms and managingdata of studentsfor each campus
placementdrive over excel sheetsand providing the
campusplacementeamwith a platform to automatethis
process and have more meticulous administration of
studentata.

w

It helpsin makingthe entireprocesdastandreliable.

It also aims at providing information about various on-
campusevents over a single platform to prevent any
mismanagementof data by students due to their
negligence.

It reduceghe chancef erorsasno studentcanapplyto
a job for which he/sheis not eligible which makesthe
sendingthe dataof qualified studentgo the companyeasy
andlesstime-consuming.

o

It aimsto minimisethe verbosityin postingsfor eligibility
to studentsasthe laterwill be ableto filter out postings
accordingo theirdomainandfield of interest.

We alsointendto provide studentswith a platformwhere
they can not only apply for an incoming opportunity but
can also track and review the statusof their appication
andcanthusprepareaccordingly.

The placementcell can also harnessthe platform as a
mediumfor generatingeportsof eachdrive or the yearly
placementecordgor collegeadministration.

It also providesthe facility of convertingthe daabase
informationto the excelsheets.

. It reducesthe completedependencyof studentson their
respectivestudentplacementoordinators.

. PROBLEM STATEMENT

MaharajaSurajmallnstitute of Technologydoesn'thavea web
platform to manage the placement activities. All the
information relatedto placementand internshipopportunities
availableon campusis circulatedthroughemailandWhatsapp
groups.All the recordsare kept manually, and this, in turn,
leadsto a very complicatedprocedurethat canbe emror-prone
many times. Training and Placement Officer, Teacher
PlacementCoordinatorsand StudentPlacemeniCoordinators
mustkeepa checkso that every opportunityis communicated
to eachstudentakingpartin placementrives.Along with this
StudentPlacementCoordinatorsieedto look overthe student's
details filled by them, manually which is a very tedious
processThey needto checkthatall the eligible studentamust
havetimely registeredor aneventandneedto give reminders
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to them.All the excel sheetof studentdataof an eventareto
maintainedover local storagewhich is evennot a favourable
option whenviewed from the perspectiveof security.All this
procedureis to be performed manually by the Student
PlacementCoordinatorslt is a very time-consumingob when
it comesto maintainingdatafor the whole final yearstudents.
There are innumerablecurbsin the existing systems.In the
currentscenarioall thetasksarebeingtakencareof manually.
There comes the need for a dedicated system that will
overcomeall thedownsides.

IV. SCOPE

The proposedveb platformhasa largescopewhenit comesto
comparingit with the existing system.Studentscan fill and
updatetheir academi@andpersonabetailson their own.

Notifications regardingthe latest opportunitiesavailable are
directly sentto them. They canview the applicationstatusof
all the eventspreviouslyapplied.This platformis very easyto
use and the following are the main functionalities which is
providedthroughthis webapplicaion:

1. UserProfile.
2. Dataupdateandedit,i.e. academiaswell as
personablata.
ChangePassword.
Add jobsandupdateexistingjob applications.
SeeVariousJobsPosted.
Apply to Jobsif Eligible.
CheckApplication Statusfor jobsapplied
Generatexcelsheetsfor thec 0 mp aapplidaton
received.
9. ForgetPassword
10. TeachePC'scanaddStudentPlacement
Coordinators.
ThePlacemen©Officer canassignTeachelP C 6 s

V. PROPOSEDSYSTEM

Traditionally the registration of studentsfor a particular
company implied a manual processof creating forms by
student coordinatorswhich were very time consumingand
errorprone process.So, a significant need is to provide a
digital medium for registrationof studentsand to maintain
their datafor reusabilityin other companies Since handling
this databy concernedauthorityis necessarysothereis aneed

e

11.

for securityfor supportingrestrictiveaccessos t u d damt 6

After a new companyapplicationis live studentsdo not have
any accessto be informed. Hence, there was a needfor a
notification system probably solved by implying mails
functionality at every stageof the application. For keeping
track of the application statusof a student,the application
statusis maintainedin a centralrepository.To achieveall the
requirementamentionedabove andto reducethetime required
to processthis information, thereis a needfor maintaininga
centralisedrepository of studentdata as well as that of the

recruitersdigitally. The intention is to developa systemthat

couldaacomplishand:

1. Reducehetime andlabourin thedatacollectionprocess.
2. Improvetheintegrity of the dataprovidedto the
company.
3. Managetheresourcegarefully.
4. Userfriendly interfacefor managingaswell as
showcasingnformation.
5. Securitycheckin, checkoutsaswell asmaintainingthe
studentprofile.
6. Easyscalabilityof the systemwith thegrowing
requirements.
7. Notification Systemfor informing aboutthe new
opportunities.
VI. LITERATURE SURVEY
TABLE 1. Literature Survey
5NO Title Features Advantages
1. | Training and Placement Web Showing names of | Fast registration,
Portal, Intemational Journal on companies, Apply | Reduce manual
Recent and Innovation Trends in | option works
Computing and Communication.
2. | ADVANCED TRAINING AND | Applying to the Security, TPO
PLACEMENT WEB PORTAL companies, forum section
Internships
3. | Placement Cell, IOSE Journal of | Automation, Fast registration,
Computer Engineenng Notifications via Feduce manual
email. works

Web Based Placement
Management System,
International Journal of Computer
Science and Information
Technologies

Notification of
placement to
students through
email and messages

Used for
maintaining college
details

q

3. | College Collaboration Portal with | Automation, Fast registration,
Training and Placement, IOSE. Optimization, Feduce manual
Journal of Computer Engineering | Security, works
(IOSR-ICE) Information,

software and
placement

6. | TRAINING AND PLACEMENT | Automation, Fast registration,
CELL, International Journal on uploading Feduce manual
Fecent and Innovation Trends in | Internships works
Computing and Information
Technologies

7. | Placement Cell, IOSE. Journal of | Automation, Fast registration
Computer Engineenng Notifications via

email and meszsages

8. Online College Portal, Avtomation, Fast Registration,
International Journal of Current Resume uploading., | Reduce manual
Engineering and Technology Notification works, Involvement

of staffs.

9. | Student Placement Management | Notification, Fast registration,
System (SPMS), International Uploading Less time of
Journal of Advanced Research in | Internships retrieving data

Computer and Communication
Engineering
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VIl. WORKFLOW

Fig. 1. Workflow Diagram

Oncea userlogin to his/heraccountfirstly the credentialsare
verified from databasethentherole of the useris accessednd
dependingiponwhetherthe useris Student,

StudentPC, TeachePC, TPO dynamicdashboards rendered.

Depending upon rights given to a particular user which
dependauponrole, he/ shecan havedifferent functionalities
visible. If he/shed o e saménmbersredentialsusercanuse
forgetpasswordunctionality andthusget OTP over the email
providedto getnewpassword.

VIII. DATABASE DESIGN

s

o o 7 5}

T

{

Fig. 3. DatabaseDesign

IX. METHODOLOGY

We have designedthe following modules to support the
variousrequirement®f the system:

A. Students

Following arethefeaturegrovidedto the student:

1. UserProfilei: Everystudentwill haveaccesgo the page
MY PROFILE, wherehe/shecanview or updatehis/her
personabndacademidetails.Oncethe studentcompletes
its profile, thenonly he/shewill beableto applyin various
job applications.

2. Dataupdate,i.e. acaderit aswell aspersonaldata- The
personal details include the enrolment number, email
addresspame,phonenumber,gender,DOB, fathersand
mothersnameand residentialaddresf the student.The
academiadetailsincludesthe information regardingclass
Xth, classXllth, diploma (if applicable)and graduation
degreegpercentagandactivebacklogsdetails.

3. Change Password-: Every user can change his/her
passwordy providinganewpassword.

4. SeeVarious JobsPosted-: Every studentwill be given
accessto the Job Applicationswherehe/shecanview the
availableactive job applicationsand apply in the sameif
he/sheis eligible for the respectivecompanyevaluated
according to the eligibility criteria provided by the
company.Once the studentapplies successfullyin any
company,the apply button will be disabledand an alert
messagavill be displayedwhich says’ y o havealready
a p p |in oedédrt® avoid multiple entriesin thedatabase.

5. Apply to Jobsif Eligible -: Studentcanapply to any job
only if he/shes eligible for thatparticularjob application.

6. Checktheir Application Status-: Every studentcanaccess
this screen where he/she will be shown the job
applicationsin which he/she has applied. Initially the
application status is pending and when the result is
uploaded by any student placement coordinator, the
applicationstatuschangedo eitherShprtlistedfor further
round® Sefectedor Rejected With the help of this, the
studentscan keeptrack of their applicationsand prepare
accordingly.

7. Forgot Password: Every userhasaccesgo this feature
whereif he/sheforgetshis/herpasswordanytime,theycan
resetit by simply providing the registeredemail address
wherethey will be providedwith an OTP which they has
to provide in the portal and after successfulverification
theycanfinally resetthe password.
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B. StudentPlacementCoordinators

Student Placement Coordinator has all the similar
functionalitiesas of the studentbut also havesomeadditional
functionalities:

1. Add a Job Application -: Only student placement
coordinatorsandteachemplacementoordinatorawill have
accessto this saeen where they can add any job
applicationvisiting the campusn the databaseafterwhich
it will be available for application to students. The
information required is the company name, roles,
eligibility criteria,job descriptionandlastdateto apply.

2. Updateexistingjob application-: Only studentplacement
coordinators and teacher placement coordinators can
updateanyactivejob applications.

3. View all theactivejob applications.

4. Generateexcelsheetdor companiespplicationreceived
. The student placementcoordinatorscan generatethe
excel sheetsof all the eligible studentsfor a company
wherethey canalsoselectthe type of detailstheywantto
includein thefinal sheetto be sendto the company.They
just simply needto checkthe boxesof the details the
companywants.

5. Upload the result after successfulcompletion of any

Activate the accountsof TeacherPlacementCoordinators-:

The training and placementofficer of the institution is given

special privilege where they can activate the accounts of

teacherplacementcoordinatorby providing their information
which includestheir unique employeenumber,name, mobile

numberand email addressafter which the respectiveteacher
will benotified overemailwith their login credentials.

View the statisticsof total placedstudents.

X. RESULT AND CONCLUSION

Thus herebywe concludethat the proposedsystemhelpsin

eliminating all the hardships faced by the training and
placementell of MSIT in the existingsystemby providingan
interface where the student placementcoordinatorsare no

longerrequiredto be worried aboutany false information by

any student,they can maintain the statusof applicationsand
updatethe result on the portal so that the studentscan track
their applications and prepare accordingly. The proposed
systemprovidesthe automationin all the functionalitieslike

checkingthe eligibility of studentsfor every job opportunity,
generatingstudentdatadynamicallywhich hasto be forward

to the company,activating and deadivating the accountsof

studentandteachemplacementoordinatorsandthe final result
of thebatch,thatis, generatingeports.

Thusthe developedsystemcan guarantedo keepthe records
safeand securein the databaselt convertsunstructureddata

recruitmentdrive -: Wheneverany recruitmentd r i v einto structureddataandaccordingto therequiredformathence

result is out, the student placementcoordinators can
updatethe sameon the portal to keep everyoneupdated
andprepaed.He/shewill befirst providedwith atemplate
and after uploadingthe shortlisteds t u d dataand the
remainingdetails,the resultwill getuploadedandall the
studentswill getnotified overemailsandtheportal.

C. TeacherPlacementCoordinators

In addition to the responsibilitiesof the StudentPlacement
Coordinatora TeacheiCoordinatorcanperformthefollowing:

1. AddandupdateanexistingJobApplication.
2. View all theactivejob applications.

3. CanassignStudentPlacemenCoordinators: Theteacher
placementcoordinatorshave accessto a specialfeature
where they can activatethe accountsof any number of
student placement coordinators by specifying their
enrolmentumbersn the screergivenbelow.

4. View thestatisticsof total placed students.

D. The Training and PlacementOfficer

The TPOhasaccesgo thefollowing features:

reducing the probability of errors. It is very reliable and
performsfunctionally well to get an alert messagend emails
wheneverany datais submittedor updatedon the portal. With

the help of this portal, the studentplacementoordinatorscan
validatethes t u d mfortnaiian and generatethe list on the
basisof ¢ 0 mp adligibdity criteria and sendthe converted
excel sheet of applications to the respective company.
Thereforethe propesedsystemwith its userfriendly interface
minimizes the dependencyof studentson their respective
coordinatordy makingthewhole procesgransparentOverall,
all the processof the training and placementdepartmentis

automated.

ADD JOB PROFILE

Fig. 4. Add Job Prdile
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Abstract Digital watermarking is the process of clandestinely
embeddinga watermark over the host data. The host data may be
any audio, video,or image.Digital Image Watermarkinghasturned
up as a potential solution to the threats over copyright and/ or
integrity of digital imagesspreadover ubiquitous digital networks.
The anytime, anywhere availability due to the availability of the
internet makes such images highly prone to be modified
intentionally/ unintentionally. Digital watermarkingis asa potential
tool to offer copyright protectionto digital data. The various design
issuesrelated to digital image watermarking are presentedin this
paper.

Keywords Digital watermarking,
protection,multimediasecurity.

design issues, copyright

.  INTRODUCTION

In the pastfew decadesthe popularity of internettechnology
has increased enormously. It has led to easinessin
communicationand distribution of digital datasuchasimage,
video, text, and audio. However, the very conveniently
available image processingtools make it even easier to
duplicate, modify, and redistribute such multimedia data.
Theseactsof copying, modifying and redistributionof digital
dataviolate the intellectual propertyrights of the multimedia
data owner. Hence, copyright protection of digital data has
emergedasa potentialareaof researchn the currentscenario
[1-4]. To addresghe issuesrelatedto copyright protectionof
multimedia data, numerousinformation security techniques
havebeenproposedn the literatureasshownin Fig.1. Digital
watermarking has evolved as a very effective information
security technique for copyright protection or copyright
authenticationBroadly, theseapproachesanbe characterized
as the Cryptography approach and Information Hiding
approach[6-7]. The use case of the Digital Watermarking
systemdecidesits required characteristicsTo preservethe
copyright information of the host image, a robust
watermarking system is required. The essentialaspect of
robustwatermarkings thatsucha watermarkwheninsertedin
the host image, sustainsthe attacks imposed by attackers.
Instead,in the applicationswhere the integrity of the host
image is to be preserved fragile watermarkingschemesare
deployed. Fragile watermark gets vanished from the
watermarkedmageon theintroductionof anykind of attadk.

Robustnesandimperceptibilityarethe two key characteristics
that illustrate the efficacy of the watermarkingsystem.Since

the evolution of the Digital Watermarkingmethod, various
conventionaland hybridizedmethodshavebeendevelopedoy
theresarchers.

II. DIGITAL WATERMARKING

In this section, some basic terms associatedwith digital
watermarking, its  characteristics, classification of
watermarking technigues on various grounds, and its
applicationsare discussedSomeof the standardermsusedin
ourthesisareasfollows:

1 Watermark:it is a visible binary imageor logo which is
insertedin the original image.In this thesis,we haveused
binaryimagesaswell asthelogo asawatermark.

1 Host Image: host Image is the original image whose
copyrightneedo be protected.

I Watermarked Image: We get this image after the
watermarkembeddingprocess.

1 Watermark Embedding: This includes several steps for
insertingawatermarkoverthe cover/hostimage.

1 WatermarkExtraction: This is the processof recoverig
back the original hostimage by meansof extractingthe
watermarkfrom thewatermarkedmage.

ImageprocessinglGeometricattacks:Thesearethe alterations
thatthe watermarkedmagemay encounteracrossthe channel
or by someunintendedrecipient. Thes alterationsare due to

somebasicimage processingools suchas sharpeningJPEG
compressionplurring of the image, sharpeningf the image,
noise addition, filtering, etc. as well as geometric attacks
whereinthe shapeor the size of the hostimage gets altered.
Geometric attacks include resizing, cropping, rotation, and
translationof the hostimageamongothers.The effectof some
image processing& geometricattackson Lena'simage has
beenpresentedhn thefig. 1.

[ll. DESIGN ISSUES

There are certain design issues in Digital watermarking
systemssuch as robustnessagainstvarious attack situations,
distortion and visual quality, working domain,Human Visual
System (HVS), a tradeoff between robustness and
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imperceptibility, computational cost, etc. these issues are
discussedh detailbelow.

A. Robustnessgainstvariousattack conditions

The attackersin a digital watermarking system can be
classified as a Passiveattackerand an active attacker.The
passiveattackerd o e sharmtihe watermarkedmagedirecty,

instead, he just detects the presenceor absenceof the
watermarkin the watermarkedimage. However, the active
attacker will extract the watermark from the watermarked

" (a) NOISE FREE

(b) BLURRING

image and will try to later or destroythe watermark.In this
way, the active attadker can alter the copyright over the
watermarkedimage [5]. In actual scenariosthe transmitted
watermarkedmagetravelsthroughwired or wirelesschannels,
and in this course,they face severalimage processingor
geometricattacks[5-6]. Fig. 2 showsthe possiblecrackingof
watermarkingsystemby passiveand active attackers.t has
been observed that most of the available watermarking

methods are resistant to compression, filtering, and some other

conventional image processing attacks but they lag
providing enough robustness against geometric attacks.

(c) CROPPING (d) GAUSSIAN NOISY

(g) ROTATION  (h) SHARPENING

Fig. 1. Effect over Lena image (a) without any attack (b) with blurring (c) with cropping (d) with addition of Gaussian noise (e) adkibn
of Salt & Pepper noise (f) with resizing effect (g) with otation attack (h) with sharpening attack.

Hence,it becomesanimportantissueto designawatermarking
systemthat can provide robustnessagainstgeometricattacks
as well. Along with robustnessit is also very importantto

makethe watermarksecureagainstunauthorizedietectionand
hencealteration.

B. Distortion and Visual Quality

Insertionof the watermarkover the hostimagedirectly affects
thevisual quality of the hostimage.The distortionsintroduced
during the watermark insertion process and due to the
intentional/ unintentional attacks across the channel are
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generallyasymmetridn nature,hencethereis a wide rangeof
Peak Signal to Noise Ratio (PSNR). The imperceptibility
offeredby anywatermarkingschemes evaluatedvith the help
of achieved PSNR. Hence, the visual quality of the
watermarkedmageor the imperceptibility of the watermarked
imageis proportionalto the PSNRattained.

C. Working Domain

The leastsignificantbit (LSB) andmostsignificantbit (MSB)
arethe two mostwidely adoged spatialdomainwatermarking
methodsFig. 3 showcasea sampleof insertionof watermark
bits over the hostimage, the generationof watermarkedits,
and finally, the major changes introduced extracted

watermarkingbits using LSB basedwatermarkingmethod in
the spatialdomain[9-11]. The major advantageof LSB based
watermarking schemes over MSB based watermarking
schemess thatthe LSB watermarking

introduceslessdistortion as comparedto MSB watermarking
schemes. Spatial domain watermarking method are
computationallyless expensiveand easy to implement but
thesemethodsoffer very lessrobustnessagainstthe imposed
attacks, low imperceptibility, and less security to the
watermarkascomparedo the transformdomainwatermarking
methods.In trandorm domainmethods,nsteadof modifying
the pixels directly, the watermark is inserted on the
transformedcoefficientsof the hostimage.

Cracking the Watermarking System

v v

\ 4

Extracting the Eliminating the Altering the Detecting the
watermark watermark watermark watermark
The Active The Active The Active The Passive attacker trie:
attacker tries to attacker tries to attacker tries to to detect the presence of
extract the destroy the change the original watermark
original original original
watermark watermark watermark

Fig. 2. Breaking watermarking system by possible attackers

D. Human Visual System

The visual quality or the imperceptibility parameterin the

digital image watermarking methods can be achieved by

exploiting the featuresof the Human Visual System(HVS)

while designingthe watermarkingsystemlIt hasbeenobserved
that the multi-resolution property of Discrete Wavelet
Transform (DWT) makesit similar to HVS [1-2]. Hence,
wheretheimperceptibilityparameters animportantparameter
in awatermarkingsystemDWT is preferred.

E. Thetradeoff betweerRobustnesand Imperceptibility

It is desied that the designedwvatermarkingsystemshouldbe
capableof providing high imperceptibility, robustnessowards
the attacks, high fidelity, and security. The watermarking

system should be able to insert a maximum capacity
watermarkwithout severedegradéion in the visual quality of

the hostimageandmakesurethatit is very difficult to remove
the watermarkfrom the watermarkedmage.The fundamental
issuein the designof a digital imagewatermarkingsystemis

to achieve this tradeoff between robustess and
imperceptibility becauséoth theseparametersre conflicting

with eachother.

F. ComputationalCost

Computationatostor time complexityis anothemajoraspect
of digital image watermarking.The designedwatermarking
schemeshould be able to execue efficiently by consuming
minimum executiontime. To maintain a tradeoff between
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robustnessand imperceptibility various available GA or
optimization technigues can be used. But, as these
optimization methods take much execution time, hence
designing a computationally efficient digital watermarking
methodis avery importantdesignissue[7-8].

IV. IMPORTANCE OF SCALING FACTOR

Robustnessand Imperceptibility are the two important
characteristicshatneedto be takencareof while embeddinca
watermark.

Whenawatermarkis robustit meanst will beableto resistall

intentional as well as unintentional distortions The
watermarkedmage generatedat the encoderwhile traveling
through the channel faces intentional and/or unintentional
modifications or attaks. Intentional modifications are
purposelydoneand are like image processingoperationsand
geometricmodifications.For example,a watermarkis saidto

be robust,if it can be retrievedafter say image compression.

Commonimageprocessingperationgha aredoneon images

(a) (o}
143 143 143 143 36 36 36 36
14% 143 143 143 ie F6 36 306
143 143 1435 1435 36 36 F6 6
143 143 1435 145 Io 36 30 36

{e] £y
10001111 o0100100
1 OO0 o0 1 1 1 DD 1001 00
1 OO0 o0 1 1 DD 1001 00
I OO0 o 1 1 D1 o001 OO0

(iy G

are contrast adjustment,image smoothening,cropping and
noise insertion, etc. Common geometric modification
operationsinclude scaling, rotation, and translation. While
unintentionalmodifications may be resampling,resizing and
addifon of Gaussianor non-Gaussiamoises,rescanningand
printing, etc. Although it is desired to design an image
watermarking algorithm that is robust againstall possible
intentional or unintentional distortions, a different type of
applicationrequiresa differentsubsebf robustnessThis gives
a scopeto embedthe watermarkin different imagesin a
different quantity or in otherwordsdifferent valuesof scaling
factorscanopt. If we choosea high value of scalingfactor, a
good quality watermarkcan be recoveredfrom the received
imageevenif it facessevereattacksor distortions.

Imperceptibilityis anotherfactorthatplaysa significantrole in

deciding the Scalingfactor. Imperceptibility statesthe extent
of resemblancketweenwvatermarkedmageandhostimage.lt

is normally preferredthat the watermarkedmagesshould be
perceptually similar to the host image. Otherwise, the
distortionsin the hostimagecausedueto theembedding

L
—-i -

(c) (d}
130 130 130 130 32 32 32 32
130 130 130 130 32 32 32 32
130 130 130 130 32 32 32 32
130 130 130 130 32 32 32 32

(e} (h}
1 00 00010 OO1LOOCDO0
L1000 DO0 1D D0O1LD00DODDD
L1000 DO0 1D D0O1LD00DODDD
1 D00 DO 10 00100000

(k) (1)

L5B based zspatial domain imase watermarking with sample pixels

a)l cover imame lake b) original watermark ©) watermarked image lake d) extracted

watermark e) sample pixels of cover image in decimal ) sample pixels of original

watermark in decimal glsample pixels of watermarked image in decimal h) sample

pixels of extracted watermark in decimal i) sample pixels of cover image in binary

i) sample pixels of original watermark in binary k) watermarked image in binary 1)

sample pixels of extracted watermark in binary

Fig. 3. An exampleof LSB Spatial Domain Watermarking.
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of the watermarkwould changeits aestheticvalues.Human
Visual System(HVS) modelsare generallyusedand applied
while embeddingthe watermark. According to this model,
human eyes are less sensitiveto changesthat are madein

highly textured regions of the image comparedto the flat

texturedregions. Theseregionscould be easily explored by

transformdomain techniques Now the extentof embedding
canbe controlledat the encoderby choosingdifferent scaling
factors, dependingupon the desired visual qudity of the

watermarked image. Low values of scaling factors are
preferredto get a high visual quality of the watermarked
image.

So while designinga highly robustwatermarkingalgorithm,
high valuesof scalingfactor are desired,on the otherhand,to
have high imperceptibility low valuesof scaling factor are
desired.Therefore,thereis a tradeoff needto be maintained
betweernrobustnessndimperceptibility.

The secondimportantcomponenbf the watermarkingsystem
is the decoder here the watermarkis recoveredfrom the
receivedmage.Theattackedmage,whenreceivedby theuser
andverified for authenticityby extractingthe watermarkfrom

receiveddata, is known as the extractionprocessof Digital

Watermarking.

V. CONCLUSION

Some of the importantdesgn issuessuch as scaling factor,
robustnessimperceptibility etc. that plays significant role in
Digital ImageWatermarkinchavebeenpresentedh this paper.
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Abstract The COVID-19 pandemichas proven itself as a global
challenge surpassing barriers of countries, race, religion, or

economy.An immensecontribution and considerableefforts by all

the serviceprovidersthroughout the nations acrossthe world had
beenvital in the fight againstthis virus. Being a diseasehat affects
the throat area, the major symptomsof COVID-19 are relatedto the
respiratory systeminclude cough and breathing difficulties. The
current widely exceptedmethod for COVID-19 detecton is the
Reverse transcription-polymerase Chain Reaction (RT-PCR)
testing. However,as the pandemicspreadsthroughout the world at
an alarming rate and lesseraccuracy rate of the current method,
RT- PCR testis costly, time-consuming, and more importanty,

violates the first rule of protection against pandemici.e. social
distancing. There is a need for an alternative way to diagnose
COVID- 19 which overcometheselimitations and havethe potential
of deploymentat a very large scale.We foreknow that respiratory
sounds, when analyzed using machine learning techniques, can
provide useful insights about the health of the respiratory system
thus, enablingthe designof a diagnostictool.

. INTRODUCTION

Coronavirus(COVID-19) is a diseasethat is communicable
from severeacute coronavirussyndrome2 (SARSCoV-2).
People with this virus suffer from mild to moderateres
piratory diseasesand may recover without specific therapy.
Older personsand peoplewith underlyingmedicalissuessuch
as cardiovasculadiseae, diabetes,chronic lung disease,or
cancerare more prone to acquire major diseasesOnly by
beinginformedaboutthe symptomst causecandhow it might
spreadcanthe spreadof COVID-19 preventandrestrictit.lt is
advisableto washyour handsor to usean alcohot basedrub
often and not to touch your face to preventyou and others
from infection. Studiesshowthat, if aninfectedindividual toys
or sneezessuspendedhto theair, it is mostly disseminatedby
the goutletof the salivaor dischargeout of his nose.lt is thus
necessaryo usebreathinglabelsaswell (e.g.by coughinginto
an elbow) or to constantlyuse a mask. COVID-19 impacts
variouspeoplein variousways. It takesan averageof five to
six daysto seesignsfrom someonewho may have the virus
infection. An infectedindividual developson averagemild to
severediseaseand canrecuperatevithout a hospitalisatiorup
to 14 daysinside a week. Fever,dry cough,tirednessare the
most frequentsymptoms.In certain situations,less comnon
symptomsincluding achesand pains, throat ache, diarrhoea,
conjunctivitis, headachetaste or smell loss, a skin rash, or
finger or teethdiscolouratiorhavebeenreported However the
greatestdeathrate from COVID-19 was found in individuals

with  cadiovascular and chronic illness

preconditions.

respiratory

Continuousoversupply of COVID-19 has led to significant
collaborationamong several areasin order to manageand
preventthe spreadf thevirus on a daily basis.But the current,
mostly acceptd COVID-19 detection technology, Reverse
TranscriptionPolymeraseChain Reaction(RT-PCR), despite
all its efforts andrecommendationdjasenormouslyincreased
the danger of the virus spreading unless it is properly
administeredOnceall the predominantsymptomshave been
seentherespiratoryareamay be associatedh mostinstances.
Thefollowing areincluded:

9 difficulty breathingor shortnes®f breath.
1 chestpainor pressure.
1 lossof speector movement.

As per World Health Organization(WHO) guidance Nucleic

Acid Amplification Tests(NAAT) suchasreattiime Reverse
TranscriptionPolymeraseChain Reaction(rRT-PCR) should
be used for routine confirmation of COVID-19 caseshy

detectinguniquesequencesf virus ribonucleicacid (RNA).

II. LITERATURE

By pendrating healthycells, the COVID-19 virus infects the
body. There,thevirus builds clonesandseedsover your body.
The novel coronavirus attachesspiky surface proteins to
healthy cellular receptors, particularly lung receptors. In
particular, ACE2 recepors areusedto breakviral proteinsinto
cells.Whenthe coronaviruss within, it graduallyhi- jacksthe
healthycell andkills someof it. Thus,transientlimitations of
the neuromuscularand loss of taste and odour. Some
physiological manifestations in speech production can
influence muscle control and proprioceptivefeedback.Given
the physiological effects of the respiratory effects, the link
betweenspeechfeaturesand heart rate correlationand heart
rate measurement$as beenindicated by existing research,
observation,and experience With the use of diverse signal
processingtechniquesand artificial algorithms, we can es
timate the changesin COVID 19 for patientsin published
literature eachwith their degreeof precision,complexity and
limitations. Consequentlythe Virus may be detectedusing
these biological markers related with the COVID-19
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symptoms.This may be done by representinghe waveforms
of speechin a spectralform and the temporal variation to

observeif the differencebetweenthemis detectableThe link

betweenrespiratory patternand speechand its influence on

breathingpatternvariability is known asrespiratoryarhythmia
sinus(RSA). The MFCC vectorsandpitchesareremovedwith

independentspeechprocessorsin these systans. A mixed

signalarchitectureapproachfor examplen [4] enabledobust
voicerecognitionfor wearablegoods.Therelianceon onetype
of speechfeature for feature extraction may constrainthe
performanceandutility asMFCC areunreliablein presee of

audio degradations. Concerning the currently existing
literature,this is wherewe presentour work, asdetailedin the
following sections. We propose a deep learning based
algorithm, referred to as Convolutional Neural Network, to

analyzethe speeb featuresgiven by MFCC, for learning a
joint feature spacethat efficiently modelsthe entire speech
chain. Finally, we describethe known result sampleverifi-

cationto demonstratehe superiorrepresentatiorapability of

the joint feature space.The dependenc®n one type of talk

function for function extractionmight limit performanceand
utility as the MFCC is untrustworthy in the event of

deteriorationof audio. With regardto current literature, we

offer our studyin the following partsasstated.To evaluatethe
speechfeaturesprovidedby MFCC, we proposea high level

method,known asthe ConvolutionalNeural Network, to train

a commonfeaturethat representshe completechain of voice
effectively. Finally, the known results sample check is

descibed to show the higher representationatapabilitiesof

the spaceof thejoint function.

Breathing: Dypnea 244 vV v
Breathing: Difficulty 444 Vv v
Nasal Congestion v v vV
Coughing Vv Vv v
Sneezing v v vV
Sore Throat v Vv vV
Body Pain v 2244 Vv
Headache v vV v
Fatigue, Tiredness Vv vV v
Appetite Loss v vvv v
Onset Gradient v 224 v

Fig. 1. Comparision of different respiratory affecting diseases
accordingto their impact on the sounds

[ll. DATASET DESCRIPTION

COVID-19 symptomsare largely connectedto the devet
opment of respiratory issues, and thus varied patterns of
breathing,respiratoryand lung soundsmay be monitoredby
tracing different sounds,including their vocal arousalsand
changesn the courseof time to diagnoseCOVID 19 infection.
The describedapproacho identify speechchangeis to extract
andevaluateacousticcharacteristicgor the variations.For this
to bedone,coughsoundis ideal, asthe acousticcharacteristics
of a cough soundrely on the airflow rate, voice tract and

airway size.As breathabléllnesseschangethe physicalstruc

ture of the respirationsystem,pathologicalconditionssuchas
breathingand phoneticsmay also be classifiedbasedon other
noises. Those designatedas COVID-19 are therefore a
collection of sound samplesfrom healthyandill persons.n

terms of sound information we focus on nine distinct
categoriesof breathing(two types, shallow and deep),cough
(two types; shallow and heavy), continuousvowel telephony
(three types; /ee/ produced,/ én/the kit, /u:/ gooses),and a
counting of one to nine digits (two kinds; normal and fast
paced). No personalinformation is gathered.No personal
information.Dataarealsostoredanonymously.

R?iplra(l;n Articulation
ungs . N
= AM Volcal Fold {FEER LD Acoustic
Amplitude Modulation (4M) envelope Source Vocal Tract Signal
peionel /\}C Transfer Function
(Subglottal pressure) ¥
' I "~ Quasi periodic/aspirated ¢
pressure from vocal-fold
| Frequency ;
v = = = Modulation «-------~-~--
L) Phonation
Fundamental (Larynx)
Frequency

Fig. 2. Fundamental speechproduction subsystemmodel
illustrating two of the potential points of coordination

IV. FEATURE EXTRACTION

Mel-frequency cepstral coefficients are mainly intended to

detect monosyllabic syllables in a continuous phrase,
computing is to replicate a human hearing system to

implement the working principle of the ear artificially,

assuming that the human ear is a trustworthy speaker
recognizer. In order to maintain the phonically essential
characteristicsof the voice signal, MfCC is aware of the
difference betweenthe crucial bandwidthsof the humanear
and frequency files that are divided linearly at the low

frequencies.A collection of filters mirrors the working
mechanisnof the humanauditory systemand canprocesshe
acousticdataat differentfrequenciesThe MFCC describeghe
energydistributionof the signalsin the Mel frequencydomain
asasortof feature.

1) DATA COLLECTION AND CONVERSION: The
analog speechsignals are convertedinto the digital
domainby analogto digital convertewith atleastthe
sampling rate of 48 kHz. In the conversion,the
continuousinput signalis sampledand quantizednto
thediscretesignal.

2) FRAMING MODULE: As the spectralamplitude of
the speechsignal is fully equilibrated,the framing
operationis carriedout with a half overlapin orderto
maintin the invariance of functions and the
smoothnes®f the signal in every frame. Frameby
frameareall following actions.
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3) FREQUENCY-DOMAIN TRANSFORMATION:
FFT is usedto translatethe signalin thetime domain
into the frequencydomain,anda quadraticprocesss
implementedo extractthe energydistribution on the
spectrumandto transformthe signalamplitudeto the
energyspectrum.

X[k] = |FFT (x [a]) |*.

4) MEL-FILTERS AND POSTPROCESSING: The
bandwidth of mel filters is progressivelyexpanded
with therise in frequencyin orderto collect enough
energyinformation from low frequencybandssince
the humanear was more sensitiveto low frequency
than to high frequencyspeech.The limits of each
filter arederivedusingfixed frequencymel frequency
equation. After procesmg, including logarithmic
multiplication and DiscreteCosineTransition(DCT),
the filtered signals are transformedinto MFCC
functionality. As follows:

am(k — 0.5))
K

K
C[m] =) _ Log(X [k])cos(
k=1

Fig. 4. MEL Spectrogramof coughing(a) Heavy (b) Shallow

wherem = 1,..., M is the length of MFCC of eachframe,
X[K] is the output energyof the Kth band,and C[m] is the
outputfeature.

Featureextractionis considered significantstepsinceone of
our objectivesis to find a suitablefeatureextractionmethod

thatimprovesours y s t &ceonifacyn F i3g0f, Fi4gph, Fi g .
5 dand, A F6 @ showsthe extractedacousticfeaturesof
various soundssamples.Further, we can be seenthat the
COVID-19 and nonCOVID-19 uncorrelatedfrom featues
perspective.

V. CONVOLUTIONAL NEURAL NETWORK

The Convolutionary Neural Network (CNN/ConvNet), is
utilised in a deeplearningtechniquefor classifyingthe MEL
spectrumthat consistsof different speaking samples.This
network hasa MEL input image In this examplethe Spee
trogram attachesemphasisto severalfeaturesof the spee
trogram (learnableweight and bias) so that the network can
discriminatebetweerthem.In a ConvNet,pre-processings far
lessthanotherclassificationmethods A ConvNetarchiecture

is similar to that of the connectionpatternsn the humanbrain

of individual neuronsthat reactto stimuli only in a limited
visual field area known as the receptive field. The overlapping
of the collection of such fields covers the whole visegion.

A ConvNet captures in an image the spatial and time
dependencies using the corresponding filters. Because the
amount of parameters involved and the reusability of weights
reduces the architecture is more appropriate for picture data.

Fig. 6. MEL Spectrogramof phonetics(a) vowel a (b) vowel e (c)
vowel o
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A. Layersof CNN

While working with convolutionalneuralnetwork, There are
three layers that are used for Neural nettwork namely;
convoldional layer, pooling layer, and fully connectedayer.
Each of theselayers has different parametersthat can be
optimizedandperformsa differenttaskon theinput data.

1 Convolutionallayers are the layers where variousfilters
are appliedfor the featue extractionof the spectrograph.
Thesefilters are generallybasedupon small kernelsthat
learns by using a one bias per filter. The activation
function is then applied on every value of feature map.
The parametershat candeterminewhatthis layerscan do
includesnumberof kernels,size of eachkernels.The size
of the kernelis usually given by W and H unlessinput
cubedefinesit to be D. This layerinputsthe 3- D setof
valuesor the previoussetof featuremapsto produce3D
cubeor one2-D mapper filter dependingdontheinput.

1 Poolinglayers,similar to convolutionallayers,performa
specific function which takesthe maximum value in a
certainfilter region known as max pooling, or takesthe
averagevaluein afilter regionknown asaveragepoding
and then reducesthe dimensionalityof the network. The
approacho achievethis, is throughsliding window tech
nigue. The parameteof this techniquecanbe determined
which includesthe stride and the window. For reducing
this 3D cubeor previousset of featuremapsinto spatial
dimensionseither3-D cubeor one 2-D map per filter are
generated.

1 Fully connectedayersare placedbeforethe classification
outputof a CNN andareusedto flatten the resultsbefore
classification.This is similar to the outputlayerin caseof
Multi Layer Perceptron.The number of nodesand the
activationfunction are the parametetthat determineshe
outputincluding which is usually changeddependingon
the role of the layer. If information is aggregatingthen
ReLU is usedwhereaswhen final classicationis to be
producedthe Softmaxis used.The input to this layeris a
flattened3-D cubeor the previoussetof featuremapsand
the outputis 3-D cubeor 2-D mapperfilter.

The fi F i gashows the working diagram of the feature
extractionand predictionusing MFCC spectrogramand Con
volutional Neural Network with the layers and the inputs
provided.

VI. RESULT

For training of this model, 69 COVID-19 positivep at i e

voice sampling is done against 168 healthy patients. The
percentageccuracyof the modelgaveon an averagewas 80
% in differentiatingthe infectedand the healthypersonapart.
For validation sampleswe collected20 samplesfrom people

?70 showsthe prediction of the neural network after being
trained. The Convolutional Neural Network model is
implementedusing Kerastoolkit with 20 epochs.The model
workedat 252ms/with the steplossof 0.5667.The lossof the
valuewas0.4529.

. Feature Extraction
MEL Spectrogram using

e, o Mel-frequency cepstrum

- .
= e eecetSee. el

Fully
Convolution Connected

Pooling ..~
Input ...

Fig. 7. Block Diagram of Convolutional Neural Network.

In [9]: if result[0][0] == 1:
prediction = 'positive’
else:
prediction = 'negative’

print("AI's prediction is: "+ prediction)
Al's prediction is: negative
Fig. 8. Output of the Prediction model

VIl. HARDWARE

Our modelis basedon the RaspberryPi 4 Model B whichis a
creditcard sized singleboard computerequippedwith a 1.5
GHz 64 bits quadcore ARM Cortex A72 processoon board
802.11ac Wi-fi, Bluetooth5, full gigiabit Ethernettwo USB
2.0 ports,two UsB 3.0 ports and Dual moniter supprotsvia a
pair of micro-HDMI (Type D) port for up to 4k resolutions.
ThePi 4 is alsopoweredvia a USB- C port enablingaddtional
power to be providedto downstreamperipherialwhen used
with an appropritatepower supply unit. It is designedfor the
peoplewho practicefile serverand mediaserverapplications
or work on them as an hobby. There are vast number of
projects which are readily available on the Internetto start
working on any of the 1st, 2nd, and 3rd generationRaspberry
Pis. For this projectwe requirean audio input for the testing
i.e. an anaoginput and sincethe RaspberryPi doesnot have

who were COVID affected but recoveredcompletely.ii F i g natively an analogue input, we usel an external USB
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microphonewith the 33051D chipset,that suppliesthe audio
input via USB portsto the modulein orderto do the analysis.
Remarkl: Sincethe usbportis usedasthe input audiosignals,
its samplingfrequencyis limited to 48000samplesper second
(with a resolutionof 16 bits per sample).This meansthat the

band of the audio singal that can act as the input must be

within the interval of 0-24 KHz. This might be a severe
limitation becausein bandpasssignalsthe carrier frequency
mana@ mustbein the orderof 1520 kHz andthe bandwidth
in the orderof few kHz. The modelwe developedncludethe

generatiorof digitally modulatedsignalswith a bit rateup to

4.8 kbps. Furthermore accordingto our researchgvenwhen
more sophisticated(and more expensive) platforms (e.g.,
TexasInstrumentsC6748) are adoptedstill their audio ports
are usuallyadoptedas analoginput/outputinterfaceswith the
samebandwidthlimitation. [20]

Al

LAN connection
tothe PC

UsB
Microphone

Power Adaptor
5V-24

HOMI Connected
LCD Screen

-

-

Fig. 9. Basicrequired setupfor implementation

The setupcanusecollecteddatafor trainingandthusaccuracy
increasesvith continuoususage.The numberof testsper day
canbe increasedyy increasingthe storagememorywhich can

be expandedusing any type of external memory. Unlike

presentmethods,if implemented this setup will require no

expertsof any kind which will in turn increasethe portability

of thetesting.

VIILI. CONCLUSION

This will be a novel methodof COVID-19 detectionbasedon
the researctdoneon the Parkinsondiseasewvhich wasalsoan
respiratorydiseaseln orderto extractinformation aboutthe
respiratorysystem,t hasbeenproventhatdifferentfeaturesof
speechcan be used. It is therefore possibleto detect the
COVID-19 infection throughthe voice. The detectionof the
COVID- 19 using speeb signalscan facilitate in real time,
remote monitoring of infected/symptomatic individuals,

resulting in containing the spread of the infection. With
implementationof machinelearnig and Artifical Intelligence
high accuracycanbe yeild in the contextof this work, asthe
adventof deeplearningandself-learningAl algorithmscanbe
usedfor speechanalysisto measurephysiologicalparameters
more feasibly - and what better time to put this promising
conceptto use than now, when it can prove to be a huge
reprieveduringthis global pandemiaf COVID-19.
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Abstract The mostclean and green sourceof power generationis
obtained from sunlight using Photovoltaic (PV) solar cells.
Photovoltaicsystemutilizes the sunlight to generatepowerwhich is
unpredictable and is dependenton the weather conditions. The
powerobtainedfrom the PV modulerelies on the solar irradiations
and ¢ e | témperature.Hence, the power obtainedfrom PV is not
constantand maximum power point tracking (MPPT) techniqueis
neededo draw peakpowerfrom the PV moduleto obtain maximum
energy under varying operating conditions. This work presents,a
PV systemalong with batterystorage,for continuouspowersupply,
using bidirectional DC/DC converter designedfor employing a
dynamic load. The vitality of the implemented control scheme
against changesin weather conditions is presentedand obtained
using MATLAB simulations.

Keywords PV, Buck converter,boostconverter, SOC,MPPT.

.  INTRODUCTION

The need for electricity is increasing drastically as the
populationis increasing.Also, the power is generatedusing
fossil fuels which are depleting and causes severe
environmentalpollution. The scacity of fossil fuels andtheir
adverseeffects on environmenthas enforcedthe searchfor
some sustainablesourcesof energy such as green energy
sourceq GESs).Hence,to meetthe electricity demandand to
preventthe air pollution someof theseGESssud assolar,and
battery are utilized. The solar energy is transformed to
electrical energy with the implementationof semiconductor
devicessuchasphotovoltaiccells which work on the principle
of photovoltaiceffect. The power generatedrom PV systems
hasincreasednanyfolds in the recentyears.Along with this,
the power generatedusing PV systemsis unpredictablein
natureasit is dependenbn weatherconditions.For increasing
the outputfrom PV systemsdifferentareasarestudiedsuchas
developiy MPPT algorithms and effective use of storage
system[1]. Hence the MPPT adjuststhe operatingpoint of PV
system such that maximum power is delivered. The
photovoltaic exhibits the non linear currentvoltage
characteristicscurve and with the designingof appropriate
MPPT techniquehetrackingof PV poweroutputis ensured.

The different MPPT techniquesthat have beenproposedfor
the standaloneandgrid connectedowersystemarediscussed
in the literature. In [2], perturb and observationtechnique,
whereasin [3], incrementaland conductancetechniquefor

MPPT in PV systemshavebeenemployed.The variousother
techniqueghat have beenutilized for obtainingMPPT in PV
systemaresliding modecontrolin [4], linear quadraticin [5],

opencircuit control [6], evolutionarycontrol techniquesFor
MPPT of PV fuzzy logic control is implementedn [7,8] and
batteriesoutputpoweris controlledfor chargercurrent[9] with
the illustration of voltagecontrol of the hybrid energysystem
[10]. As the power output from PV is not constantin [11]

different backupstoragesystemsutilized to balancethe load
demand have been discussedand presented.The different
components employed are to be controlled for power
managemerandto meettherequiredchangingoad demand.

In this paper,assessmentf different componentsf the PV
systemis presentedvhich includesthe power generatedrom
solar cells with the implementation of buck and boost
convertersThe control of poweroutputof PV systemto obtain
maximumpower outputby perturbandobservatiortechnique.
Also, the battery is employed for backup storageand the
output of the battery is controlled by maintaining and
investigatingstateof charge(SOC).

II. MODEL CONFIGURATION

The model consideredor this work is presentedn figure 1.

The variouscomponent®f the systemunderconsideratiorare
PV system,an inverterand DC/DC converter.The maximum
power from solar cells is obtained by employing MPPT
technique.The outputof PV is not constantandhencestorage
systemis incorporatedThe SOCof batteryis investigatecand
maintainedwhile decidingthe poweris suppliedto the load as
and when required. The randomload takenfor the study is

givenin figure 2.

lll. PV SYSTEM MODELLING

This paper, utilizes a singleatle solar cell to model the PV
system. It consists of current sourge dlong with an inverted

diode in parallel to it, and a series and parallel resistence ie. R

and R. The photocurrent and output current is given by
equations 1, 2, and 3 [12].

_ s +Ry(Te-Tep )12

Isc 1000 1)
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Load Model
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Fig. 1. Model configuration
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Fig. 2. Load Model
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where V,, is output voltage of PV system,Is presentscell's
saturationcurrent,Np, Ns are numberof strings connectedn

parallel and series,q is the electroncharge, T¢, Trt are PV

surface and reference temperature,ls, Is is the reverse
saturationand shortcircuit current,Eq is the energybandgap
of silicon, K; is the shortcircuit temperaturecoefficient, a-is

theirradiationlevel, K is the Boltzmannconstant.

Rs 1PV
_

AA'AY

SC . SZJD ” ‘ v

Fig. 3. Model of PV cell
Maximum Power Point Tracking

The solar radiationschangewith seasonand during the day
andhenceit is difficult to obtainmaximun power(MP) which
enforcesthe attainmentof the MP the whole day and even
under changesin solar radiations. The PV system always
works on specificvalue of voltagewhereglobal maximumof
I-V characteristiés acquired Fromthe |-V characteristic# is
extrapolatedhat for any specific operatingpoint; MP output
can be obtained from the solar panel and is called the
Maximum Power Point (MPP). On the knee of |-V curve of
solarpanellies, the MPP.Fromhereit is inferredthaton the |-
V curveof PV cdl a point called MPP alwaysoccurson the
knee point of the curve where the generatedPV power is
maximized.The position of MPP changesonstantlyat every
instantof time asthe temperatureand irradiation changed?9].
Here, perturb and observation method is employed for
obtaining this MPP point and is similar to hill climbing
algorithm. This methodis mostwidely adoptedfor industrial
applicationsdueto its robustconvergencdéor MPP. Knowing
the directionof sunradiationsthe outputvoltagechangeghus,
adjustingthe duty cycle of the convertersinsteadof two cases
to follow, therearefour casego follow, andarerepresentety
flow chartgivenin figure 4.

G

Sense Vpv(k)and I pv(k)
Ppv(k)=Vpv(k)*Ipv(k)
Ppv(k-1)=Vpv(k-1)* 1 pv(k-1)
aav/=Vpv(k)-Vpv(k-1)
adP=Ppv(k)-Ppv(k-1)

Yes

adP>=0
NO NO YES
Yes =0 Yes NO
NO
I ncr ease Decr ease | ncr ease
oper ating oper ating ozl ;ﬁ:&"ﬁg
voltage voltage voltage voltage

CaonD

Fig. 4. Flow chart for P&O method

PV system with storage system and converter

DC/DC converteris incorporatedas it necessitategpower
transferbetweentwo devices.lt is the essentiapart of the PV

systemfor interfacingwith the batterystoragesystem.Also an
inductor, and diodes/switchesare also coupledto boost the
voltageasandwhenrequiredfrom the battery.This converter
either works as buck or boost converterdependingupon the
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charging and discharging operationto be provided by the
battery system. With PV voltage source there is a boost
convertewhich is controlledby MPPT controllerandstepsup
the PV voltageto obtain MP from the PV systemduring its
operation.Then it is connectedto two IGBTs and a battery
which act as an ancillary source. These two IGBTs are
responsiblefor the operationof DC-DC converterwhich is
further is controlled by two different controllers. One
controller works as a Boost converterproviding the control
signalandthe secondcontrollerworks converterproviding the
control signal. The PV systemfollows the following four
modesof operation.

/ Strart 7

Mode 1: For this mode,whole systemgets shut down when
the demandedpower is than the power generatedby PV
systemwith the batterysystemdeeplydischarged.

Mode 2: The secondoperatingmode comesunderoperation
whenPV poweris lessthanthe powerdemandd but the SOC
of battery systemis more thanits minimum value providing
power output until its SOC limit is reached.In this mode,
batteryoperatesn boostmodeof operationof the buck/boost
converter.Also, the minimum value for SOC is taken into
account.

—]

Sample PPV and Pload

Yes
No Yes
PrPv>=0
v
Yes
A4
Vpv=0
No
No
\ 4 A 4 A 4 A 4
Supply to Supply to Chargethe Ke(lepthe Shut d Supply to
L oad L oad battery voltage ut down L oad
constant
// A 4 _
> > Sto| < < <
\_ P

Fig. 5. Flow chart for operating different operating modes

Mode 3: In this mode,SOC of the batteryis not 95%i.e. it is

not completelychargedandthe powergeneratedy PV system
is morethanpowerdemandedDuring this modeof operation
the PV panelsnot only supply powerto the load underMPPT

control but also chargesthe batterywhen excessivepower is

generatedby the PV panels. The bidirectional buck/boost
operatesin buck mode of the converterand is utilized to

chargethe batteryduringthis modeof operation

Mode 4: Whenthe PV systemgeneratesnore powerthanthe
powerdemandedand alsothe batteryis fully chargedwith its

SOCas95%,the PV systemsuppliespowerto theload. While
enabling the MPPT control mode, it is to be verified that
battery remainin fully chargedstatei.e. SOC remains95%
throughconstantvoltage chargingso that the batterydoesnot
haveany kind of self-discharge Theseoperatingmodeshave
beenillustratedusingtheflowchartin figure5.

IV. SIMULATION AND RESULTS

The model consideredjs shownin figurel consistingof PV
System, battery storage unit with bidirectional DC-DC
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converterandinverteris simulatedusingMATLAB Simulink  arepresentedelow. The modelis simulatedfor the time of 4
to obtain the output undervarious modesof operations.The  secandusingMATLAB software.
simulationmodelcanbe seenin fig.6 andthe resultsobtained
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Fig. 6. MATLAB/Simulation model

whenthe temperatureis constantand irradiance is variable  variations with the application of MPPT are visualized in
andloadis randomlychangng figure 7. The SOC of battery and its voltage output with

charginganddischargingoperationis givenin figure 8. When
In this case, random variations in load and the solar  thePV poweroutputis equalto the powerdemandedndwhen

irradiationsareconsideredasgivenin figure 2 andtemperature PV power is lessor greaterthan the load demandedcan be
is taken as constantwith 25°C. The PV systemvoltage clearlyseenin figure9.

|
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Fig. 7. Variable Irradiance
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V. CONCLUSION

along with storage syam utilizing converter, has been
successfully modeled and simulated. A Boost and Buck

operating modes of converter that helps to elevate the P
output voltage has been effectively modeled and simulated.

]

MPPT for the system was obtained by employing P&thal

with the help of controller. Finally, with the implementation of
MATLAB software the system considered has been simulated
and the results obtained are acceptable. Although, with tH8&.]
improvement in the MPPT control algorithm transients can be
minimized. Also, with the employment of advance controller
and improvements in the operation of converter better chargi
and discharging of battery can be obtained to maintain i 1

SOC.
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Abstract The project will tackle the issue of lack of a practice
platform for studentsto prepare for video interviews and essay
writing for interview/exampreparation.Proposedplatform actsasa
selfassesment interface for students to practice and judge
themselveswith the help of built-in machine learning modelsand

functionalities to simulate a real environmentand scoring facility.

This will help studentsjudge the accuracyand proficiency of their

esays,aswell ascheckfor plagiarism simultaneouslysoasto avoid
any issuesin the real exam. Automatedreal-time scoring will be
implementedfor studentswhich will help them understandthe key
points helpful for increasingtheir scoresovera period of time. Live

Interview functionality will help studentsgain confidence before
actual interviews,and will help to prepare answers.A confidence
score will be calculated to help s t u d emptogement. Also,

student'sanswerswill be convertedto text and will be sentto them,
sothat theycan assessheir answersbetterand improvefurther.

Keywords CNN; RNN; Self-assessmerntlatform

.  INTRODUCTION

In India, Englishis notthefirst languageof manystudentsand
despitehaving good technical and creative skills, they lack

self-confidencewhenwalking in aninterview becausef their

lack of selfconfidencein English speaking skills, which

definitely hurts their chancesof selectionin the procedure,
leadingto regretanddepressiolin severecases.

Most of theinterviewsin leadingcompaniesandselectiontests
for universitiesrequire fluent English speakingand writing

skills andoften havea testsectiondedicatedo checkingthese
skills. Even after being awareof their shortcomingsn these
skills, many studentslack the services and infrastructure
requiredto testand enhanceheir skills and simulatethe test
environment.Also, thereare very few servicesavailablethat
help studentsto preparesuch activities under a controlled
environmenfree of cod.

Our solution tackles these problems and is targeted for
studentsspecificto India. India is a country that hasa lot of
potentialwith almost30,00,000studentgraduatingeveryday.
Out of which about18.6 million joblesspeoplewerereported
in 2018 With the adventof High-Speed4G internetat very
low coststheIndian studentsanskill up.

In recent years, Artificial Intelligence has achieved great
successin solving many reatlife problems. Proposedwork
actsasabeaconto aids t u d practicafes generalinterview
guestionsandessaywriting skills. An automatedieeplearning

solutionhasbeenproposedo checkandevaluateheir practice
online.

. MODELS DEVELOPED

Various independentnodelsare integratedinto development.
All the modulesare solved using deep learning techniques,
afterreviewinglots of latestresearch.

A. AutomatedScoring:

A quadratic weighted kappa model, to measureagreement
between2 different rates,namely Long short Term Memory
(LSTM) and Relu function over 5 fold epochstrategywill be
usedto attainaccuracy{6][7].

B. PlagiarismDetection:

We reviewed severaltechniqueslike fingerprinting, Bag of
words model and tools and API available.We are moving
forward with an affinity-based frequentanalysismodel, using
string submatching and word frequency model, to detect
plagiarismevenif, someparaphrasings performed[1][2].

C. Speecho Text:

A recurrentneural network (RNN) basedapproachhas been
used to improve accuracy over time. Recurrent Neural
Network along with a Conrectionist Temporal Classification
(CTQC)is beingused.Therole of CTC s to makea sequencef

repetitivecharactersvithout spaceinto one.RNN outputis 10
times smaller than the input. Web SpeechAPI along with

customwrapperis employedin the initial prototype of the
project.[3] [4] [8] [9].

D. Audio Analysis:

Support Vector Machine (SVM) is used for performing
sentiment analysis on audio. Actually, it acts as a non
probabilistic model that uses various representationsof
exemplarytext aspointsin multi-dimensionakpacg?] [5] [9].

lll. ALGORITHM

Various types of deeplearning models are developed to
provide functionality. Many different typesof artificial neural
network algorithmsare usedbasedon the input type andtype
of outputrequired.
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A. ConvolutionNeural Network

In the field of deeplearning,the convolutionalneuralnetwork
usually called ConvNetor CNN is a type of artificial deep
neural network which are most commonly applied to the
applicationof analyzingvisualimagery.They are also known
as shift invariantor spaceinvariant artificial neuralnetworks
(SIANN), based on their sharedweights architecture,
translationinvariancecharacteristics.

Theycanbe perceivedastheregularizedversionsof multilayer
perceptron. Multilayer perceptron usually mean the fully
connectechetworks,in which, eachneuronin a singlelayeris
connectedto all neuronsin the next following layer. This
"fully -connectednessbf the network causesthe problem of
overfitting of datain them. The usualways of regulaization
include addingmagnitudemeasurementf weightsat the loss
function.

B. RecurrentNeural Network

In various casesordinary Neural Networks are unable to
performvery well for conditionswherethe sequencingf data
is critically important.Thus,to solvethis problem,RNNswere

invented.RNN standsfor i Re ¢ uMeural ¢ t w oThdy 0 .

are different from CNN as RNN cell considersnot only its
presentinput but also the output of precedingRNN cells, for
computingits presenbutput.

RNN cell equationis shownin fig. 1. It performsvery well on
sequentiatiata.

RNN

h: = fW(ht—l’ l‘t)

= = tanh(Wpphi 1 + Wopay)

Yt = Why hy

Fig 1. RNN Cell equation

C. Long Short Term Memory (LSTM)

LSTMs are special kinds of RNNs with the capability of
handling Long-Term dependencieslt is a type of artificial
recurrentneuralnetwork (RNN) architecturghatis usedin the
field of deeplearning.Unlike the regularfeedforward neural
networks, LSTM has feedback connections.It not only
processesthe single data points but also the whole data
sequence.Also, they solve the problem of Exploding or
VanishingGradient.

A commonLSTM unitis composedf a cell, aninput gate,an
outputgateanda forget gate.The cell rememberwaluesover

arbitrarytime intervalsandthe threegatesregulatethe flow of
informationinto andout of the cell.

D. QuadraticWeightedKappaApproach

Different submissionsare scoredaccordingto the quadratic
weighted kappa approachwhich is then measuredas the

agreementetweentwo ratings. This metric typically varies

from 0 (random agreementbetweenraters)to 1 (complete
agreemenbetweenraters).If in a certaincase,the agreement
is very less, then the score may also becomenegative.The

quadraticweightedkappais calculatedbetweenthe predicted
scoresandscoresvhich areexpectedr knownbeforehand.

We developa matrix of expectedatings,E, which is an N-by-
N histogrammatrix andit is calculated assuminghatthereis
no correlationbetweerratingscoresThis is calculatedhrough
equation (1) and the outer product betweenthe predicted
rating's histogram vector of ratings and the actual rating's
histogramvectorof ratings,normalizedsuchthat sumremains
thesame.

k k

1)

IV. DEVELOPMENT PROCESS

Our interfaceactsasa practiceplatform for studentso assess
their progressthroughtime-constrainedyeal-world simulated
environmentand automatedscoringfacilities to help students
preparebetterfor theirinterviews/exams.

To aid userstherewill be2 differenttypesof analysispresent,
namely, Speechanalysisfor live interview functionality and
the Text Analysisfor essaywriting functionality.

A. TextAnalysis

In-text analysiswe will performan essaywriting analysisand
implement the automated scoring system and plagiarism
detection.

Themodelusedfor the automatedcoringsystemconsistsof 2
Long Short Term Memory (LSTM) layers with a Dense
outputlayer. Thefinal layer usesthe Relu activationfunction.
Finally, the outputs of layers averagedusing the Quadratic
weighted kappa (QWK) approach. The QWK is at last
calculatedon the training datasetusing the 5-Fold Cross
Validation techniqueand taking the averagefor all the five
folds. Usingthis particularapproactwe wereableto maximize
theaccuracyof our model.

Plagiarismcheckerwas developedusing the i B aofj words
Mo d e vab,crawler tool and public APl available for
accuratematching.An affinity-basedfrequentanalysismodel,
usingstring submatchingandword frequencymodel,to detect
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plagiarism with the local databaseis used, even if some
paraphrasings performed

B. SpeechAnalysis

Speechanalysismapsthe currentsentencehe final required
spokencontentsandleadsto speecho text conversionThusit

allows the usersto review or enhanceheir answersn mid of

answering session. Also, the audio analysis has been
incorporatedwith the storeduserresponsehat allows userto

review, replayandrecordtheir answers.

We used the custom package of Web Speech API for
convertingthe speechto text in reattime. The audiois stored
in the local cacheof the browser.The storedaudiois secured
as datais not sentdataover the server.It also providesfast
functioningonthec | i esidetby decreasingencryptionand
decryptionof datamanifolds.

Theaudiois dividedinto the currentandfinal sentencesvhich
are determinedby the pausesin audio which has been
implementedin the customwrapper developedfor the web
speechAPl.

The audio is analyzedusing the RecurrentNeural Network
(RNN) and support vector machinesalong with a custom
wrapperfor existingIBM WatsonAPI.

V. RESULT

Theprojed wascompletedn awebapplicationform, allowing
usersto accessthe productusing the deployedwebsite. The
functionalities of EssayWriting and Video interview along
with the mentionedmodelswere developedand are readyto
useby users.Userscan now uniquely sign in/ sign up to the
platformusingemailid andothernecessargdetails.

After signing in, users can choose either of these
functionalitiesandwill bedirectedto therequiredpage.

A. Videointerview

Usersafter choosingtheir questionsandrecordinganswersan
view their answersconvertedinto text, and canidentify their

mistakesand can enhancetheir vocabulary and content of

answerslserscanalsorestricttheir answerdo the giventime

frame of 1 minute, thus getting and appropriateand concise
answerdor alot of generainterviewquestions.

Userscan practicelive interview by choosingfrom a desired
setof questionsWe includedthelive interviewquestionpanel,
microphone andvideo (camera)options,allowing the userto

improveses how they passivelyreactandimprovethemselves.

Userscannow click the play button,afterchoosingthe desired
guestionsand can answerthem, which will be recordedand
canbereplayed Theinterfacefor thisis shownin fig. 2.

Minor Project Logout |

Speech to Text ->

Time left Words that you're saying..

Q. Introduce Yourself ?

Current Sentence :

49

Fig. 2. Live Video Interview panel

B. EssayWriting

Userscanchoosefrom a setof questionswrite their answers
and submitthem, after which an automatedscoreon the basis
of their essaysubmitted,will be visible to them, out of the

maximumscoreavailablefor it.

Minor Project Logout ‘

Time left :

Question List:

Q. Introduce Yourself ?

What are your Strengths ?
What are your Weaknesses ?

Winere doyou see yourselfin S years?

° Tell me 2bout your Hobbies ?

Fig. 3. Live Interview Panelfor EassyWriting

Additionally, a report of plagiarism,including total content
matchedtheir respectiveURLS, titles, and percentof content
matchedwith the submittedessaywill be mailedimmediately
to theusers.Theoptionsareshawn in theinterfaceof fig. 3.

The model can testtheir usageof vocabulary,contextdriven
word usageanalysisof speectused,grammaticabindspelling
errors, length and structureof essayssubmittedand various
other factorsto provide a scoreusing LSTM neural network
with sigmoid and Relu activation functions, by QWK
(quadratioveightedkappa)approach.

The modelwas supportedby a userinterfacedevelopedusing
the MERN stack to allow usersto accessand submit their
essays.
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Abstract Vehicular networkingis a hopeful key that wasperceived
to overwheim the delayand extremeusageof radio resourceswhich

needsto accesghe clouds. It comprisesthe bandwidthoptimization
and to reducethe latencyin fetching the cloud of the network edge.
Recentlythis perceptionhas beenwidely usedin new paradigm of

vehicular networks named internet on vehicles. To attain the

benefits,researchershaveexploredthe effectivenes®f clusteringin

VANETS, whereby a throughout the network via some sort of

clustering algorithm. Accordingto our findings, the efficient cluster
is formed by machine learning basedalgorithm but better cluster
stability is provided by fuzzy logic basedalgorithm. The hybrid

architecture that combine fuzzy logic and machine learning based
approachescan provide efficient cluster and better stability. The

mobility based algorithm that considered the stability based
parameterto clusterformation and to selectthe clusterhead.On the

other hand, multi hop approachesalso provide more stability to the

cluster but asincreasesin hop, alsoincreasesin packetlosswhich

decreasehe network performances.n this paperwe overviewthe

diversevehicular networking architecture.Finally we concludethat

the most essentialportions in VANET networking are the cluster

formation and the cluster head selection, which are still under
research.

Keywords machinelearning, fuzzylogic, VANET, Clustering.

.  INTRODUCTION

1. InaVehicularAd-Hoc network(VANET), all vehiclesare
participating in networking fitted out with wireless
transceivers which allowed them sharing of their
informationwith othervehicles.Also routethe packetsin
the network wherethe destinationvehiclesare not in the
direct communicationrange of the sourcevehicle. The
external infrastructure for one hop connectivity is not
necessaryevenif the fixed road side units possibly will
takepartin a VANET. Suchan approachpotentially may
help the developmenbf applicationsin VANET ranging
from enhancedhe traffic safetyandjamming prevention
to vehicle information and entertainingsystem.VANETS
operatesin a stimulating communicationenvironment,
which the deploymentof technology have limited in
practical. The hidden node problem, limited radio
resourcedike inadequatespectralbandwidthand channel
affectedby both mobile and statonary obstructionsand
intrusion sourcesare particularly vulnerableto VANET.
Ad-hoc network has an insignificant advantageover the
infrastructure based networks in such an environment.

Infrastructurebase network, distribution of the network
resourcesand optimally schedulingof channelaccessis
allowed in a relatively simple manner through access
point. A large number of accesspoint needsto deploy
throughoutthe large coveragearea. The researchehave
inspectedthe new approache®f clusteringin VANETS
for taking the profits of infrastructure based network
deprivedof the essentiafor thefixed infrastructurg[1]. In
recentyears,amazingadvantagetavebeenaccomplished
in VANET which are consideredas the explicit type of
mobile ad-hoc network with a predominantly motion
(speedand direction). Vehicles travelled accordingto a
well-organizedconfigurationbasedmobility model,which
is particularlybuilt on predefinedenvironmentike roads,
building andintersectiongtc.[2][3]. Thedistinguising of
the VANET nodesare two types:fixed nodesrecognized
asroadsideunit andmobile nodesrecognizedasvehicles.
The deploymentof road side unit is very critical and it
solelyresponsibleo providesservicedike internetaccess
and also provide some data aggregationservices. The
vehicle and road side unit exchangetheir messagewith
destination nodes via inter-vehicle communicationand
vehicles to road side communication. The vehicle to
vehicle and vehiclesto infrastructurecommunicationhas
been established by wireless technology like IEEE
802.11p.Recently,a new projectunderneattthe umbrella
of the 3rd generatiorpartnershipproject (3GPP)provides
a wireless standard for vehicle to everything
communicationthat supportthe vehiclescommuncation
with eacho t h end@ith fixed structurei.e vehicle to
vehicleandvehicleto infrastructure[4]. The vehiclesare
fortified with wireless communicationtechnologiesto
offer Ad hoc connectivityin VANET. For the scalability
of the VANET, the architecturehasefficient and effective
routingis essentiafor the datadisseminationThe security
and safety of vehiclesis primarily aim for the VANET
environment  [5]. The  optimum information
communicationin VANET, several clustering routing
information areinvestigatedalsoclusteringalgorithmused
theintelligentapproachesThe initiation of the internetof
things (IoT) in many industries, the communication
among vehicles can be possiblethrough the internet of
vehicles[6]. It may help to enhancehe safetyand traffic
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managemenpolicies implementationwhich makessmart
vehiclescommunication

2. The Concept and motivation of review the VANET
networking are explained in sectionll. The vehicular
networking architecture in VANETs that relates the
important part of VANET networking are the cluster
formation and the cluster head selection discussesin
sectionlll. Also highlights the different problem in
various techniquesof clusteringin cluster making and
cluster headselectionbasedon machineleaming, fuzzy
logic, hybrid and intelligent approach. The vehicular
networkingissuesareelaboratedn sectionlV andfinally,
sectionV concludeghereviewwork.

Il. CONCEPT AND MOTIVATION

Cluster computing methods and the VANET concept are
combinedto repreent the idea of the vehicular networking.
Many researchefocusedon theseconceptfor enhancingthe
efficiency and safety of vehiclesin real time scenario.To
reviewthesefeaturesijt is necessaryo studythe basicconcept
about clusteringand VANET technologiesfor providing the
betterserviceghoughthevehiclesandfixed infrastructure.

A. VANET Clustering:

A sequenceof essential techniques are involve in the
realizationand looking after of clusters,which may necessity
to berecurrentrelianton the techniquef the processandthe
dynamic nature of the network [2]. The common routine
movementof a clustering processis shownin fig.1. Nodes
contributingin or looking for to join in a clusterwill usually
accomplismearlyor all of the processestyled below.
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Fig. 1. cluster selectionand maintenanceprocess

1.

Neighborhood®iscovery:Whena vehicleis agreeableo
participatein VANET, first it initially links with the road
network and tuned its communicationssystem.When it
entereda network, the node consideredas the member
nodeitself. A nodewill periodically broadcase message
to its neighboursand showtheir presencen the network.
Also it will collect similar information from its
neighbourswhich is updatesn neighbourgable andthat
canbeusedby clusteringalgorithm.

Cluster Head Selection: When node collect data and

updates the neighbouhood table, it observe the

neighbourhoodableto discoverthe suitableClusterhead.
In different clustering algorithm, the function of cluster

headarevarieslike relayingfunction, routing, finding the

clustermembershipetc. If nodefound a suitable cluster
head within the neighboursthan it proceedfor cluster
memberandgo for monitoringthe clusterlink. Also if the

nodenot foundthe sutable clusterheadthanit announced
itself as a cluster head and go for monitoring and

maintenanc@hase.

Affiliation: When the nodewill find the suitablecluster
headfrom its own observationthenit effort to becomea
memberof that cluster.In searity sensitiveapplication,
additionalstepof authentications requiredwherepositive
andnegativeacknowledgemerf the nodewhich needto
be affiliation. The affiliated nodeare consideredascluster
memberand oncenodeconcededas clustermemberthan
go furtherfor monitoringthe clusterlink.

Announcement:f the node does not find the suitable
clusterheadthanit announcedtself asa clusterheadto its
neighboursand start the processof the affiliation. When
the nodehasaccumulatecluste member it proceeddor
monitoringandmaintenancg@haself the clusterheadhas
found the empty clustermemberlist thenit resignfrom
theclusterheadandprocessstartfrom beginning.

MaintenanceThe procedureof the maintenancephaseis
for clusterheador clustermemberaredifferentasbelow:

a) Thenodeasa ClusterHead:To evaluatethe statusof
the cluster,nodewill surveythe clustermember.The
differentapproachesf differentalgorithmthatpermit
the clustersto changeits heador merging the clusters
andalsotrackingtheclusterme mb dink fost. If the
clusterheadhasfound the empty clustermemberlist
thenit resignfrom the clusterheadand processstart
from beginning. Alternatively, if the coveragearea
needto increasethen mergingthe neighbourscluster
with predefinedsetof rules.

b) The node as a member:To evaluateits links to its
cluster head, the node will periodically sending
messageo show their existencein the network or
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waiting for a pool time framefrom the clusterhead.If
the renewedcluster headsendthe affiliation request
to the nodethenit withdraw from its previouscluster
and join the presentcluster.|f the evaluatedink of
the cluster head fails then it will go further for
neighbourhoodliscoveryprocess.

B. Internet of vehicle:

The internetof vehiclesis a scatterechetwork that provisions
the useof dataproducedby a associate@arandvehicularAd-
Hoc networks.An importantgoal of the internetof vehicleis
to allow vehicleto communicatén realtime with their human
drivers, pedestriansother vehicles, roadsidesinfrastructure
and fleet managemensystem[17]. The loV supportsfive
typesof networkcommunicatiorasshownin figure2:
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Fig. 2. Five typesof network communicationin loV.

1. Intravehicle communication:  In intra-vehicle
communicationsystemthat monitor the vehiclesinternal
performancehrow on boardunit.

2. Vehicleto vehiclecommunicationit supportshewireless
conversatiorof information aboutthe speedand position
of neighboringvehicles.

3. Vehicle to Infrastructure: It supports the wireless
conversatiorof informationamonga vehicleandassociate
roadsideunitsvia wifi or LTE/4G/5G.

4. Vehicle to Pedestrian:lt supportsawarenessull road
userssuchaspedestrianard cyclists.

5. Vehicle to Road: It supportsthe wireless exchangesof
info betweena vehicle and fixed road side unit via
WAVE.

Ill. VEHICULAR NETWORKING
ARCHITECTURE

A clustering algorithm basedon K-meansis proposedby

Bansalet.al[7], which is distributed the vehiclesinto form of

clusternetwork. The parametemvhich is usedto forming the
cluster is x dimension,y dimension and the location of

vehiclesin the network. The input of the k-meanis numberof

cluster, then K-meansalgorithm is divided the number of

vehiclesinto clusters.In clusters,the clusterheadsis elected
by finding the centroid of the clusters. In cluster
communicationsecurity is increaseusing encryptor decrypt
the data packets.When Cluster headis selected,then other
vehicleslink the clusteras the clustermember.In intelligent
clustering using k-means,the clusterscannotoverlap so no

maintenanceés required.Additionally, the meanof the cluster
canbereformedif somevehiclejoins or leavethe cluster.This

may changethe cluster headitself, which causesthe cluster
lifetime and cluster stability is reduced.The stability of the
clusteris extremelydepend®f the lifespanof the clusters.The

high life time of the clustersis not assuredn k-meansbased
algorithm, becaus the entire algorithmis resetif any vehicle
leaveor join the clusterand the clusterheadcan be changed
frequently.

The limitation of k-means algorithm is overcome by
hierarchical clustering algorithm [8], where velocity and
direction of vehicles are consideredalong with k-means
parameterto createa cluster network. The quality of service
parameterand past performanceof cluster head also be
deliberatedor clusterheadelectionprocedureThe numberof
clusterasthe participationunlike k-meanare not requiredin
hierarchicalclustering.ln improvementn clusteringapproach
some of researcheproposedclustering approachedvith the
help of fuzzy logic. As in the fuzzy logic false or true, the
degreeof certaintyis to bewell-thoughtout for the fuzzy logic
system.The input parameteras previous algorithm are well
defined in first phase. After that the input parameteris
transforminto a fuzzy setin which knowledgebasefuzzy rules
appliedto generatethe output fuzzy sets.This output passed
the defuzzyfication processand finally refinement of the
systemis accomplishedor settledthe variety of the input and
outputs.Thefuzzy logic basedclusterheadselectionalgorithm
wherethe first occurrenceof introducingthe fuzzy systemin
VANET is proposed[9]. In the first phaseof fuzzy system
whererelative speedand distancebasedmatricesare usedfor
clusteringformation processSecondphase studythed r i v
behaviorsfor predicting the future point and speedof the
vehicles.Basedon predcting value of speedand position of
vehicles, the cluster headis elected.The new cluster head
selectionprocessis initiated only when the stability factor of
clusterheadis fall below a predefinedthresholdvalue.Also if
the neighborclusterheadreachesthe half of the transmission
rangeof clusterheadthenboth clustersaremergeandneighbor
cluster head work as cluster member. However, these
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approachesdemonstratedunsatisfactoryfor the extremely
dynamicnaturein VANET.

Recently hybrid approachmake more efficient in cluster
formation and cluster head selection procedure.In hybrid
approachthe fuzzy logic systemincorporatedwith machine
learningalgorithmsto improvethereliability andefficiency of
VANET throughcloud facilities. A novel architecture[10] is
proposedusing Q-learning, reinforcementlearning algorithm
alongsidewith fuzzy logics. In that approachthe clusterhead
electedusing fuzzy logic basedapproachand the g-learning
algorithm is usedfor efficient utilization of resourcs. The
communicationrange of the cluster memberis limited to
clusterheadandthe clusterformation basedon degree speed
andRSUlink quality. Clusterheadselectionbasedn fit factor
which is broadcasby everyvehiclesin the VANET. Also the
cluste headselectionprocessconsideredhe relative speedof
the vehiclesamongthe mobility parameterThe consideration
of relative speedto elude frequentchangesof cluster heads.
The slow vehicles cannot be consideredfor cluster head
becausethe high speed vehicles will passthe low speed
vehiclesin a very little periodof time. That may be effectthe
stability of clusterheadin VANET. The strategiesn mobility
is the ultimate clusteringapproachein VANET environment.
The mobility basedparametetike relative speedacceleration
position and moving direction etc., are usedfor clusterhead
selection process.Frequentchangesin clustersof VANET
becauseof high mobility of the vehicles.So, the stability of
clustersis the prime anxiety insteadof the efficiency of the
clusteringalgorithm. In a highly mobile network, to improve
the clustersstability a dynamic clusteringalgorithm DCA is
proposed[11]. The cluster formation procedureconsidering
therelativespeedf thevehiclesandtheclusterheal is elected
on the basisof acceleratiorand averagevelocity without any
prediction of movementor direction of the vehicles. This
algorithm also allow to multiple cluster head with in the
communicatiorrangefor a shortperiodof time. Soit increase
the stability of the clusterby preventrepeatedmergingof the
clusters. For the enhancementn the previous method, a
mobility estimatedependectlusteringMPBC is projectedby
Ni et.al.[12]. The relative speedof the vehiclesis predict by
analysis the hdlo packetswhich is exchangeperiodically
amongthe vehicles. The vehicleswhich has lowest relative
speedis to be elected as cluster head. After the cluster
formation,the predictionof the future movemenbf vehiclesis
to calculate using the exchange messages.Similarly, to
enhancethe cluster stability dependson social pattern, a
softwaredefined networking enabledsocial aware clustering
algorithm SESAC [13] is projected. The social pattern is
calculatedusing the moving patternand sojourntime. Based
on thesevehiclesare gatherednto a clusterwhich follow the
similar route. The cluster head selection parameter is
consideredhsrelative speedandvehiclesdistancein a cluster.
This approachshowsthe improvementin clusterlifetime, but
the stahlity cannotmeasureonly on basisof clusterlifetime.

Thefrequentchangein clustermemberalsoaffectthe stability
of the cluster. Define the approachto form the cluster by

consideringhe relative vehicle position,moving directionand
link life time. The cluster head is elected only on those
vehicleswhich are nearto the centerof the cluster so that
cluster member spent more travel time in a cluster.
Furthermore,a QoS parameterof Vanet to improve by

proposeda densitybasedschemg14]. To diminish congestion
and improve the QoS, this schemeused a trained data set.
Clusterformationprocesss initiated only whenthe densityof

node crossesthe predefinedthreshold. The cluster head is

choseronthe basison stability andreliability scoreof node.

The QoS with mobility metrics like as the degreeof the
neighborhoodsbandwidthand link quality are well-thought
out for selection of cluster head [15]. Here clusters are
distributedinto staticanddynamicclustering.Static clustering
is considerd for vehicles to infrastructure and dynamic
clustering consideredfor vehicle to vehicle communication.
Infrastructurecommunicationunit i.e. Roadside unit RSU, if
Clusterheadis in the rangeof RSU thanit actlike asCluster
memberandif no RSU found thanit actasclusterhead.Also
mergingof clusteris permittedif they arebe presentin within
the transmissionrangefor a definite amountof time. Many
clustering algorithms are focus on to reducethe clustersin
VANETSs. For that some of researcherare put out in the
literary works on the multi hop communicatiorof the packetto
decreasdhe numberof the clusters.So a single clusterhead
canshielda large areaand deliver superiorstability. In multi-
hop basedalgorithms the clusterheadcanreach to all vehicles
in a cluster via 2 hop or more hops [16]. Each vehicles
calculatesits relative mobility by receiving the broadcast
beaconmessageperiodically. After that they computesthe
aggregatemobility value and the weighted rate for all the
neichboring nodesin N-Hops. They sharetheir cumulative
mobility value with the N-hop neighborhoodand the vehicles
which has least cumulative mobility value is electedas the
cluster head. If the vehicle received numerous beacon
messagest electsthe cluser headwhich is the closetin term
of hop count. If more than one vehicleshas samehop count
than lowestrelative mobility basedclusterheadevaluatedIn
multi hop algorithm, the averagelifetime of the cluster is
alwayshigherthanthe single hop algaiithms. So the stability
andtrustworthines®f the clustersis found betterin multi-hop
strategies.

On the other hands, a latest researchon perceived to

overwhelmedthe delay constraintsand extremeuse of radio
resourcesequiredto accesghe clouds.It consistsin carrying
the cloud to the networkedgeto decreasdatencyandimprove
the bandwidthuses.Recentlythis methodhasbeenprolonged
to vehicularnetworksnamedinterneton vehicles.As a result,
vehicular cloud integratescloud computingand vehicularad

hocnetwork(VANET) [3]. In this strategiesyehiclesareused
for providingthe servicego uservehiclesin realtime scenario.
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As vehicleshashigh speeduserin vehiclesneeda particular
mechanisimto supportthe applicationof internetaccessdata
and storage. The quality of servicesare varies from one
vehiclesto another souserneedthe mostappropriateservices.
In RCVC, the vehicle cloud constructusing road side unit

directory and the resourcef suppliervehiclesare provided
by clusterhead.The numberof vehiclesthat movesin form of

cluster on the identical road as a mobile cloud and the
remainingvehiclescreatea cloud which coversby the road
side unit. The intake of internetservicesis achievedthrough
the serviceseletion method.Theseservicesare optimizedby

the architecturewhich involved the mathematicamodelbased
analysisthe communicatioramongRSU, the clusterheadand
the consumervehicles. [17] Introduce a new collaborating
clusteringmethodologyfor interret of vehicle named CCA-

loV, in which the capabilitiesof modernvehiclesare usedto

accomplishthe clusteringprocessThis approachgeneratehe
nodescoreand a vehicleswhich hashigh nodescoreis to be
electedasa clusterhead.The CCA-loV strengtlensthe cluster
stability configurationby selectingthe vice clusterheadas a
complemento clusterhead.

IV. VEHICULAR NETWORKING ISSUES

The significant partsin VANET networking are the cluster
formationandthe clusterheadelectionstrategiesln the cluster
formation processthe each vehicles link the cluster and
centeredn the clustersizeor clustermemberthe clusterhead
selectionstrategiexanbe applied.Clusteringalgorithmsin the

VANET aredynamicin environmentthe vehiclejoin into any
cluster dependson their physicallocation. The efficiency of

the clustersis mostly be contingenton the clusterformation
procedureand the parametemwhich is usedfor calculatedthe

efficiency are packetloss, throughput,and end to end delay.
The stability of the clusters dependupon the cluster head
selectionprocessandthe parametewhich is usedto calculated
the stability are averagecluster member duration, average
clusterheadduration,numberof clustersand numberof state
changes.For a given scenario, different combination are
possiblewith establishedefficient path with better lifetime.

The efficiency of clusteringutilize fuzzy logic and machine
learning basedalgorithm for creating the clusters. Machine
learning based algorithm accomplish entanced in cluster
formationbut dueto vehicle mobility the frequentlychangein

cluster size. Hence clustering stability besidethe clustering
efficiency is correspondinglyessentiafor VANET clustering.
The fuzzy logic centered algorithm can deliver supeior

stability as associatewith machinelearning algorithm due to

guessingthe forthcoming movement of the vehicles. The
combinationof machinelearning and fuzzy logic algorithm
provide the hybrid architecture which creates stable and
efficient clusters. In Hybrid architecture, efficient cluster
formation processinvolve the machine learning algorithm
while the clusters stability improve by electing the most
adequatevehicle as cluster head using fuzzy logic. The
learningprocesof fuzzy logic supportghe vehiclesto acquire

from environment nearby the changesand takes action
accordingly.Anotherapproacthof clusteringbasedon mobility
are alsocommontechniquesn VANET, wherethe clustering
parameterof relative speed and the mobility pattern are
important. In that approach,the key point of the clustering
approach is vehicle mobility. Also the improvement in
clusteringarea,the multi hop basedapproachis proposedby
manyresearcherTo deliverbetterstability andtrustworthiness
of the clusters,in multi hop approachesselectthe suitable
clusterheadthat canacquirea larger coveragein a multi hop
environmentso that number of clusters are reducesin a
network.In multi hop approachesancoversthe 2 hop, 3 hop,
4 hop andthe 5 hop in the recen researchesThis approach
also haschallengeghat increasethe hop may increasein the
endto end delay and packetloss. So network performancds
degradeasincreasehe numberof hopin multi hopalgorithms.

V. CONCLUSION

VANETs operate in a stimulating communication
environment, which the deployment of technology have
limited in practical. Ad-hoc network has an insignificant

advantageover the infrastructurebasednetworksin such an

environment.Infrastructurebasenetwork, distribution of the

networkresourcesand optimally schedulingof channelaccess
is allowedin a relatively simply mannerthroughaccessoint.

A largenumberof accesgpoint needsto deploythroughoutthe

large coveragearea. The researchetas inspectedthe new

approachesf clustaing in VANETS for taking the benefitsof

infrastructurebasednetwork deprivedof the essentialfor the

fixed infrastructure.According to our findings, the efficient

cluster is formed by machinelearning basedalgorithm but

better cluster stability is provided by fuzzy logic based
algorithm. The hybrid architecture that combine machine
learningandfuzzy logic basedapproachesandeliver efficient

clusterand superiorstability. The mobility centeredalgorithm

that considered the stability based paramete to cluster
formation and to selectthe cluster head.On the other hand,
multi hop approacheslso provide more stability to the cluster
but as increasesn hop, also increasesn packetloss which

decreas¢he network performancesin this paperwe oveniew

thediversevehicularnetworkingarchitectureFinally, the most
imperative portions in VANET networking are the cluster
formation andthe clusterheadselectionwhich are still under
research.
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Abstract A modelis createdfor the blind which will guide them

while travelling on the roads without the support of anyone else.
This can be accomplishedby first convertingthe sceneto text, then

the text to voice, then a method for generation of image legends
basedon deepneural networks. With an image as an entry, the

methodcan display an English sentencedescribingthe contentsof

the image. The user first providesa voice command,then a quick

snapstlot is capturedby the cameraor webcam.This imageis then

fed asinput to the image caption generatortemplatethat generates
a caption for the image. Next, this caption text is convertedto

speechwhich givesrise to a voicemessagen the descriptionof the

image.

.  INTRODUCTION

When there is a descriptive sentencefor a given image,
creatingcaptionsis a fascinatingartificial problem.It consists
of two computertechniquedor understandinghe contentof
an image and a languagemodel from the field of natural
language processing for correctly translating image
comprehensiomto wordsFigurel.
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Fig. 1. Process

Image captioninghasa wide rangeof uses,including editing
suggestionsthe use of visual assistantsimage interpretation
for the visually impaired,social media,and a variety of other
languageprocessingapplications.Deep learning models are
capableof producing positive outcomeswhen it comesto
captioning issues.Rather than requiring complex data or a
pipeline of customdesigned models a single endto-end
model can be specifiedto predict captionsprovided by an

image,Figure2. The amountof memoryavailableon the GPU
used for network training, as well as the amount of time
allowedfor training,decidethelimits of neuralnetwork.
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Fig. 2. Caption Generation Process

Using fasterGPUsand larger databasesye can enhanceour
resultsbasedon our findings.

I Section 2 covers all the literature survey in Image
captioninggeneratorand neuralnetwork usedand text to
speector speecho textwhichis in python.

9 Section3 describeshow LSTM and CNN work with full
details

1 Sectiond describeghedesignandimplementation.

There are several APIs available for converting text into
speechin python. TheseAPls are the PythonText to Speech
API popularlyknown asthe pyttsx3 API. pyttsx3is a simple
to-usetool which convertgextinto audio.

. RELATED WORK

Sincethe inceptionof the Internetandits widespreadadoption
as a medium for image sharing, the problem of captioning
captionsand potentid solutions has existed. Researcher®f
varioustypeshaveproduceda broadvariety of algorithmsand
techniques.Krizhevsky et al. [1] used noncomplementary
neuronsto activatethe neural network, which usesa special
GPU operationfor convolution. They were able to eliminate
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excessusing a standardapproachknown as exit. Maxpooling

layers and the last 1000way softmax made up their neural
network. Deng et al. [2] have releasedimageNet, a vast
archiveof imagesgeneratedising WordNet'sthemestructure.
In the semantic population, ImageNet organized different

picture groups. To learn the specifics of the corresponding
internal language Karpathy and FeiFei[3] usedpicture data
sets and captions for their sentences. Their research
representedhe developnentof a multimodal recurrentneural
network that learns how to createvisual novel captionsby

usinga consistenpatternof elementsYangetal. [4] proposed
a method for automatically producing the image's natural
languagecontext,which will significantly help in the image's
comprehension.

The proposed multimodal neural network, which includes
object recognitionand location modules,resemblesa human
visual systemin that it can automaticallyread and interpret
image information. Aneja[5] proposeda flexible network
model for machine translation and conditional image
processingto solve the problem of complex and naturally
sequentiaLSTM units. Panetal. [6] experimenteaxtensively
with networkbuilding skills in large databasegontaininga

range of contenttypes and introduceda unique model that
shows substantialchangesin word rendering and is more
accuratethan previously proposedmodels.V i n yet ab F/]

proposeda production model that incorporatesthe deepest
repetitive type and makesuse of mechanicaltranslationand
computervision to producenatural meaningsfor imagesbhy

ensuringthat the maximum number of sentencess usedto

accuratelydefine the targetimage. Xu et al. [8] proposedan

oriented model that learned to identify image regions
automatically.By optimizing flexible low binding, the model
was trained using typical backpropagationtechniques.The

model was able to learn to automaticallyclassify an object's
parametersvhile alsocreatingan exactdescriptiveexpression.

Enable Adjustment For Ambient Noise Sincethe ambient
soundlevel varies,we needto give the devicea secondor two
to adaptthe recordingability to the externalaudiolevel.

Text-to-speech This is done using Google Speech
Recognitionand need an active internet connection.Offline

recognitionsystemssuchasthe PocketSphinx, are available,
but they require a more rigorous installation processand a
higher level of trust. One of the best approacheds to use
Google SpeechRecognition.The Python SpeechRecognition
Library is usedin this project.

. PROPOSEDWORK

With the image captionfunction, an unspecifieddatabaseof
multiple imagesis available.The mostcommononesare the
PascaVOC datasetFlickr 8K andMSCOCO Dataset Flickr
8K imagedatabasés used for the proposedmodel. Flickr 8K
is a databasevith 8,090imagesfrom the Kaggle.comwebsite.

This databasecontainsa list of everydayeventsas well as
captionsfor each one. Each elementin the image is first
labelled, and then a definition basedon the objectsin the
imageis added.We divided the 8,000 imagesin this corpus
into threedistinct sets. Thereare 6000 imagesin the training
databaseand1000imagesin eachof thevalidationandtesting
databasesTl o test pairs of picture captions,we needto check
themto matchpreviouslyavailableimagesandcaptions.

Severalrecurrentand complex networks are usedto create
captionsfor modelimages.The CNN modelis usedto derive
elementsfrom an image that is accompaniedby Recurrent
Neural Netwok (RNN) captions. Figure 3 depicts the
arrangemendf theimagecaptionmodel.

"People running

on the road"

Input Image CNN Model RNN Model Output Caption

Fig. 3. Architecture
Themodelconsistof 3 stages:
1. Speecho-text

The methodof translatingspokenwords into written texts is
known as speechto text conversion, Figure 4. Speech
recognition is another name for this method. Speech
recognitionis often usedto describethe broaderprocessof
extractingmeaningfrom speech,i.e. speechcomprehension,
despitethe fact thatthe words are nearlyinterchangeablel'he
word "speeh recognition” should be avoided becauseit is
often confused with "speaker recognition,” which is the
methodof recognizinganindividual basedon their voice.

3 =2
-2 =
If the text is correct @

l

Webcam

Fig. 4. Speechto-text
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2. Image CaptionGeneratorModel

A. Imageelementrelease

1 (DataPreprocessigd Images)

Due to the object'smodel performancejmage elementsfrom
the Flickr8K databasare extractedusingthe INCEPTIONV3
model. INCEPTION V3 is a 16-layer convolutional neural
networkwith a 2-layer correctionpatternaccompaniedby a 1-
layer cesationpatternuntil the layer is completelyconnected
atthetop, Figure5. Sincethis modelchangeis learnedeasily,
the stop layers are there to preventoveruseof the training
databaseThis is then passedthrough a denselayer, which
producesa representationof theimage's4096vectorelements,
whichis thenpassedhroughthe LSTM layer.

B. The sequenceystem

1 (DataPreprocessing Captions)

1 The sequenceprocessor'sjob is to serve as a word
integration layer and managetext entry. The embedded
layer hasrules for extractingthe requiredelementsfrom
thetext, aswell asa maskthatignorescompressedalues.
For the final captioningstep,the networkis connectedo
theLSTM.

C. Data Preparationusing Generator
1 Function& Model Preparation

Thefinal step of the modelreceivesa 256 Neurallayer, then

thefinal densdayer, which producessoftmaxpredictionof the

next word in legendsabout the entire vocabularygenerated
from the text data processedin the processingphase, by

combining the input of the image extraction phaseand the

sequencesinga supplementaryeature.

Data

Flair

Model - Image Caption Generator

<start> Deers standlng <end>

Pretrained CNN |5 = “ I | | | |
using ImageNetdataset oftmax | | Softmax | [ Softmax Softmax

2 “
a3 > 125 NUE .

Feature vector

at fully connected Iayer
other

Linear
LSTM
LSTM
LSTM
LSTM

Input Image
(299x299x3)

(Ix1x2048)

<start> Deers

Fig. 5. Model-Image caption Generator

3. Textto-Speech

TTS (textto-speech)is an assistivedevice that readsdigital

text out loud. It's also known as "spokenaloud" technology.
TTS cantranslatewordson a screeror otherelectronicgadget
into soundwith the touch of a button or the pressureof a
finger. TTS is very beneficialto childrenwho havedifficulty

in reading. It will, however, assist children with writing,

editing,andevenconcentrating.

IV. TRAINING PHASE

We supply two image data and sufficient captionsfor the
image caption model during the training process.The VGG
modelis programmedo recognizeall potential objectsin an
image.After seeingthe picture andall of the previousterms,
the LSTM part of the systemis learnedto predictall of the
wordsin the sentenceAdd two more signsto eacharticle to
denotethe startand end of the series.Whentwo stop words
cross,the string comesto a halt andthe endis marked.When
6 Isupportgheinput dataand6 Ssépportsghe createdcaption,
the loss function of this model is estimated.The number of
sentencegenerateds N. The chanceandthe expectedermat
that time are representedby pt and St, respectively. We
managedo keepthis lack of work load to a minimum during
rehearsal.

L Zl() Pt b[

t=1

V. DESIGN & IMPLEMENTATION

The Python SciPy framework was usedto apply the model.
Dueto theinclusionof theINCEPTION V3 which wasusedto
define the entity, Keras 2.0 was used to use an in-depth
teaching technique. The Camera architecture includes the
Tensorflow library asa backendor creatingandtrainingdeep
neural networks. Google's Tensor Flow is a robust reading
library.

It offersa sophisticategblatformfor developingalgorithmsfor
low-power deviceslike cell phones,as well as a massive
distributedinfrastructurewith thousand®f GPUs.The Nvidia
Geforce 1050Ti graphics rendering unit was used for
convolutionalneuralnetwork.

TensorFlow usesa graphdescriptionto describethe structure
of our network.Oncethe graphis specified,it canbe created
on any platformthat supportsit. A pre-built and storedmodel
is usedto pre-installimagefeaturesn a computer.To limit the
usageof eachimage per network, these functionalities are
importedandappliedto our modelasa summaryof theimage
given in the databaseThe preloadof image elementsis also
madefor real time implementatiorof the captionmodel. The
modelstructureis shownin Figure6.
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input: | (None, 34)
input 2: InputLayer
output: | (Nome, 34) |L—
imput: | (Nene.34) input; | (None, 2048 )
embedding 1: Embedding input_L: InputLayer o
output: | (None, 34, 200) outpat: | (None, 2048 |
' '
input: | (None, 34,200 ) input: | (None. 2048 )
dropout_2: Dropout dropout_L: Dropout
output: | (None, 34,200 ) output: | (None., 2008 )
| T
\ |
1
1 '
mput: | (None, 34, 200) input: | (Nooe, 2088 )
Isim_1: LSTM . dense_1: Dense —
ouput: | (Nong, 236) output: | (Noae, 256)
inpat: | [(None, 236). (None. 236))
e ag ! - )
output: (None, 256)
Y
input; | (None, 236)
dense_2: Dense -
outpat: | (None, 236)
L]
input: | (Nome, 236) TrestED
dense_3: Dense w | distribuion
ouput: | (None, 1652) I

Figure 6. Image Captioning Model

VI. RESULTS

We are using an image caption model and were able to

generatecaptionsthat were moderatelycomparableto those
produced by humans. The INCEPTION V3 paradigm
prioritizes the options for all potential image properties as
shownin Figure 6. The model transformsthe picture into a
word vector. This word vectoris providedasaninput into the
LSTM cellsthatwill be usedto createa statemenfrom it. A

black dog jumps into the oceanbesidea rock (in a produced
sentence)Figure 7. While, a bladk dog runsinto the ocean
nextto a moundof seaweed black dogrunsinto the oceana
black dog runsinto the ball, a black dog runsto a ball (in a
humangeneratedentence)

So, combining the speechkto-text, image capturingand then
generatingits capton and textto-speechwe can predict the
captionfor anyimagethatis presenin front of theperson.

Fig. 7. Input Image

Talk

Time over, thanks
Text: in front of me
Text: in front of me

0

100

200

300

400

0 100 200 300 400

(1, 2048)
Caption: man in black shirt is sitting on bench

Fig. 8. Result

VIl. CONCLUSION

The Image Caption Generationmodel successfullygives the
captionof an input image.Combiningit with the Speechkto-
text, Textto-speechframeworksandOpenCV for an effective
way to useit. The modelis usefulin detectingthe activities
going in front of a blind personwhich will guide him. Of
course, this is a first-cut option but several changesas
suggestedbelowcanbe madeto strengtherit:

1 Making useof abroaderataset.

1 Adding an attentionmoduleto the modelarchitecturefor
example

1 Increasinghyper parametertuning (learning rate, batch
size, number of layers, number of units, dropout rate,
batchnormalizationetc).

I To think about overfitting, by using a cross validation
function.

1 While inference,use Beam Searchrather than Greedy
Search.

1 Usingthe BLEU Scoreto assess&nd quantify the success
of themodel.
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Abstract: The presenceof a dielectric limits the performancein the
designingof devicedlike filter, especiallyat high frequencies.With

the aim of solvingthis problema newdesigningtechniquehasbeen
adoptedin substrateintegrated waveguidestructures wherein the
dielectricis removedwhile maintaining the advantagef low cost,
low profile, easy manufacturing, and integration in a PCB. This
paper consist of two structures in which analysis of SIW filter

designwith lessdielectric substrateis put up and compared.

.  INTRODUCTION

A filter is a circuit capableof passing(or amplifying) certain
frequencieswhile attenuatingother frequenciesThus, a filter
canextractimportantfrequenciegrom signalsthatalsocontain
undesirable or irrelevant frequencies. In the field of
electronics,there are many practical applicationsfor filters.
Radio communicationsFilters enableradio receiversto only
seethe desiredsignal while rejectingall other signals(if the
other signals have different frequency content). DC power
supplies: Filters are used to eliminate undesired high
frequencies(i.e., noise) that are presenton AC input lines.
Additionally, filters are used on a power supply output to
reduceripple. Audio electronics:A crossovernetwork is a
network of filters usedto channellow-frequency audio to
woofers, mid-range frequenciesto midrange speakers,and
high-frequency sounds to tweeters. Analogto-digital
conversion:Filters are placedin front of an ADC input to

minimize aliasing

1.1SIW filter
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Fig. 1. A basic depiction of the four majorfilter types.

The SIW filter is an artificial waveguide synthesizedand
constructedwith rows of metalizedvia-holesembeddedn the
samesubstrateisedfor the planarcircuit asshownin Fig.1.In

SIW filter the sidewalls of rectangulamwaveguideareredaced
by the rows of metallic via-holes which converts the
conventional The SIW filter is an artificial waveguide
synthesizedand constructedwith rows of metalizedvia-holes
embeddedn the samesubstrateusedfor the planarcircuit as
shownin Fig. 1.

In SIW filter the side walls of rectangularwaveguide are
replacedby the rows of metallic via-holeswhich convertsthe
conventionalwaveguideinto planar structure.So SIW hasa
property of high Q-factor and low radiation lossessameas
metallic waveguidewith the advantagenf compactsize. SIW
only supportsthe transverseelectric modes.If TM mode
generatest will createloss through unboundedvia window
alongthe transversatlirection.Dueto absencef TM modein
SIW leakagelossesarelow which createsavorablecondition
for the bandpasdilter designbecausecertainmodeproblems
due to outof-band parasiticresponsescan be avoided. This
gives a distinct featureto SIW techniquefor filter designing

(6].

Top Metal

Substrate

>

Bottom Metalized w: Width of SIW
Metal Via Hole p Wi Width of Rectangular
vege »e Waveguide
- .\. - w d. Bl:mH:t;f of Metalized
p: Pitch Between Adjacent
Via Hole

Fig. 2. An SIW and its equivalentrectangular waveguide[5]
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II. LITERATURE REVIEW

Accordingto the different paperstudytwo typesof topologies
presentedhere for literature review: SIW with Defected
GroundStructureandSIW with lessdielectric.

SIW with DefectedGround Structure

A wideband bandpassfilter is proposed,which combines
substrateintegrated waveguide (SIW) with four improved
dumbbell defectedground structure (DGS) cells. The novel
DGS, as a resonatoron the metal ground, can producetwo

transmission zeros, aiming to improve the frequerty

selectivity and extendthe upper stopband.The roll-off at the
uppersideis extremelysharpeabout58 dB/GHz). Therefore,
the filter shows advantagesn terms of the compactsize,
stopband rejection, good bandpass,and high frequency
selectivity. The centrefrequencyof thefilter is 8.98 GHz with

3 dB bandwidthsof 47.4% (from 6.85to 11.11 GHz). The
measureds-parametershow 1.5 dB insertionloss and better
than18dB returnlossin thepassband.

—_— Sl 1(dB) |-

— S21(dB) A

-45 ) . . . : : ’ ) . . S
4 5 6 7 8 9 10 11 12 13 14 15 16
Frequency(GH#)

Fig. 3. SIW cavity Filter with DGS and results[7].

A X-bandwidebandbandpasilter basedon a novel substrate
integratedvaveguideto-defectedgroundstructure(SIW-DGS)
cellis presentedin thecell, the DGSis etchedon thetop plane
of the SIW with high accuracy so thatthe performanceof the
filter canbekeptasgoodaspossible Thefilter consistof three
cascadedells,is designecandmeasuredo meetcompactize,
low insertionloss, good return loss as well as smoothgroup
delay.thefilter hasa centralfrequencyof 9 GHz, a fractional
bandwidthof 32%, insertionlossis 0.80 dB and return loss
betterthan20 dB in thewhole passbandA substratentegrated
waveguide (SIW) bandpassfilter using defected ground
structure (DGS) with complementarysplit ring resonators
(CSRRs)is proposedBYy usingthe uniqueresonanproperties
of CSRRsandDGSs,two passbandsvith a transmissiorzero
in the middle havebeenachieved.The resonanimodesof the
two passbandsare different and the bandwidthof the second
passbandis muchwider thanthat of the first one.In orderto
increaseout-of-bandrejection,a pair of dumbbellsDGSshas
beenaddedon eachside of the CSRRs.lts centrefrequencyis
5.4 GHz with the insertionlossof 1.1dB andthe relative 3dB
bandwidthof 17.2%.

e

Fig. 4. SIW cavity Filter with CSRR and two DB-DGSwith S
parameter results [9].
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SIW with lessdielectric

The presenceof a dielectric in these devices limits their
performance,especiallyat high frequencies,becauseof the
lossesin the substratethat significantly increag the total
insertionlossesand reducethe relatedQ factor. To solvethis
problem,a newtype of SIW hasappearedvherethe dielectric
is removedwhile maintainingthe advantagesf low cost,low
profile, easymanufacturingandintegrationin a PCB. The first
empty line truly integratedin a substratewas theoretically
proposedin [10] in 2006. It was called a modified SIW
(MSIW): its behaviour was simulated, but it was not
manufacturedit wasan SIW line partially emptied,sothatthe
electromagnetigvavespropagatednainly throughair. In 2014,
the empty SIW (ESIW) was presentedn [11] andthe hollow
SIW (HSIW) [12].

. EMPTY SIW (ESIW)

In orderto improvethe performanceof the integratedcircuits,
a new methodologyfor manufacturingempty waveguides,
without a dielectric substratebut at the sametime completely
integratedin a planarsubstratejs proposedin this work. A
widebandtransition with return lossesgreaterthan 20 dB in
the whole bandwidthof the waveguideallows the integration
of the enpty waveguideinto the planar substrateso that the
waveguidecan be directly accessedwvith a microstrip line.
Therefore a microwavecircuit integratedn a planarsubstrate,
but at the sametime with a very high-quality factor and very
low lossess suc@ssfullyachieved.

Top Cover
Metallized Walls

Fig. 6. Empty SIW Filter with fabricated 4-pole and 5-polefilter
[11].

Fig. 7. Frequencyresponseof Empty SIW Filter with fabricated
4-pole and 5-polefilter [11].

IV. ANALYSIS OF SIW FILTER WITH LESS
DIELECTRIC SUBSTRATE

For the analysisof SIW filter using less dielectric different
shapeslotsarecreatedn the substrateand simulatethe design
using HFSS 19.0. Different slots are analysedfor the same
filter dimensions.
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Designl

In design#1 circular slot is createdin substrée of 6 mm
radius. The cut off frequencyis 9.27 GHz and bandwidthis
2.07 GHz. For the given designinsertionlossis lessthan1.07
dB andreturnlossis betterthan 20 dB. The simulatedresults
areshownin resultanalysis.

Specifications

Groundplane20mmX 20mmX 0.2mm
Top patch15mmX 15mmX 1.5mm
Slotin substratdCircle) 6mmradius
Via radius0.3mm

Pitch0.75mm
SubstratéNeltecNH9348(tm)
Dielectricconstan{(f) = 3.48
Losstangent t a=n0DQ3

Fig 8: Structure of Empty SIW for Circular Slot
Design#2

In design#2 squareslot is createdn substrateof 12 mm arm.
The cut off frequencyis 9.02 GHz andbandwidthis 2.03GHz.
For the given designinsertionlossis lessthan 0.97 dB and
return loss is better than 15 dB. The simulatedresults are
shownin fig. 11

Specifications

Groundplane20mmX 20mmX 0.2mm
Toppatchl5mmX 15mmX 1.5mm

Slotin substratéSquare)l2mmX12mnradius
Via radius0.3mm

Pitch0.75mm

SubstratéNeltecNH9348(tm)
Dielectricconstan{(f) = 3.48
Losstangen{ t a=0MQ3

ZUmnn

20mm

£

Fig 8. Structure of Empty SIW for Square Slot

V. RESULTS
1 S-Parameter Design#1
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The cut off frequencyis 9.27GHzandbandwidthis 2.07 GHz.
For the givendesignthe insertionlossis lessthan1.07dB and
returnlossis betterthan20dB.
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The cutoff frequencyis 9.02 GHz andbandwidthis 2.03GHz.
For the givendesignthe insertionlossis lessthan0.97dB and
returnlossis betterthan15 dB
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VI. CONCLUSION

Substratantegratedwaveguidetechnoloy is very favourable
for integrationof mmwave circuits and applicationsin mm-

wave frequency region. Various SIW active and passive
componentaswell asSIW antennadavebeenintroducedby

adopting various technologiesand techniquesin different
frequency region. Researchand investigationon all these
advancements doneto find which oneof thesedesignexhibit
parameterdike low losses,good performanceand can even
operateon high frequencyrange.
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Abstract: Speech recognition is an area of machilearning which  and RML databases. In this, gender is not considered for

is significant in the for robotics anduture of Al. Understanding ~ emotion detection. Gender detectionsing Naive-bayes

what is being said is the major concern of speech recognition butmethod was the next work worked upon.

understanding theemotionof the speakeris also equally important.

This paperaims at understanding theemotion of the speaker from Schuller et al. [6] worked on Hidden Markov Modwsed

Pis speech signal. In this work, MFCC habeen used to extract gno00h EmotiorRecognition. Inthis they introduced and

eatures from speech signal and HMM has been utilized to detect . L .

the emotion from the signal. The experiments show better accuracyworKEd on speech emOt'on_ recognition us_lng _HMM' TWO

with HMM compared totraditional machine learningmodels. methodswere used for analysing and comparing in which first
one was the global statistics framewousing Gaussian

Keywords: Emotion Detection, Hidden Markov Model, Machine ~ mixture model while the second one was towethe features

Learning, SpeechRecognition. of speech byheraw pitch andenergycontour.

.  INTRODUCTION Ramdinmawii [7] worked on 5 emotions Anger, Happy, Sad,
Fear, and surprise which aseme common case to the study.
They used features like loudness, energy of excitation,

and/or physicly equivalent to humans and their intelligence.deteCtion of voicedrad unvoiced region, instantaneous FO, and

In thepast few decades, the increase of generally availabSIréngth of excitation in theirwork. Also they used
computational power provided a helpihgndfor developing Re_ctangular window with window size of 200 samples and get
fast learning machines, whereasthe internet supplied an quitegoodresult.

enormouamount of data for &ining. These two developments
boosted the research on smart sédfarning systems, with
neural networks among the most promising techniques [1] at
[2]. Speech emotion recognition can be divided into two mai
parts: emotional features extractiand pattrn recognition
algorithms. It attracted many scholars to apply themselves
this research. Yamada [3] divided the emotions into sadnes
excitement, joy and anger, and thesedANN to recognition
with recognition rate of 70%. Dellaert [4] compared the
performance of the three methods including Maximum
Likelihood BayesClassificationKernel Regressiorand KNN

to identify four emotionsabout sadness,anger, happy and
afraid.

Since computers are developed, scientists and engine
thought of artificially intelligentsystems that are mentally

Speaker state recognition using an HMbsised feature
extraction method was worked/ I a | @talk[8]. Acoustic
featureswere used in this system for recognizing various
paralinguistic phenomena. Monophenased Hidden Markov
Model was built where UBMwas modeled with acoustic
featuresfor representatiorof UBM in the GMM (Gaussian
Mixture Model). This involves two step transformation from
(monophone based segmentéet)iM-UBM to a GMM-UBM
and then it adapts the HMMBM directly. Both the alcohol
detectiontask andemotion recognition taskre approached
usingsupervised learning.

Hewlett [9] usedtwo methodsK-Meansand SupportVector
Machinesto classify theopposingemotions.lt first finds the
Il. LITERATURE SURVEY relation betweenthe genderand emotional contentofspeech

A lot of work is being done and is currently in progressby distinguishedthe speechby speakerggender.Pitch, Mel
Including detection of speechdifferentiating the speakers FrequencyCepstralCoeffidents (MFCCs) and Formants of
from the combination of the speech and emotion detecticspeechwere usedasinput as classifying algorithmsA work
using speechof the speaker.Few of the previous work are on Speech Emotion Recognition Based on Gaussian
mentioned below. Kernel nonlinear ProximalSupport Vector Machine done
by Zhiyan HAN, Jian WANG. The project used Gaussian

Ooi et al. [5] worked on a new architecture of intelligent auditkernel Nonlinear Proximal SupportVector Machine (PSVM)
emoton recognition. It usespectral features and prosodic. It [10] was proposedto recognizeour basic human emotions
involved two main paths. First path involves processing th(angry, joy, sadnesssurprise). The complete processwas
prosodic featuresand the second is for the spectral featuresprokenin three main parts. In first part basic operationson
Two analysis namely BDPCAnd LDA are done and then gpeechlike preprocessingguantification,etc. was done. In
performance ofthesyt em i s eval uat ed Ithe secondphaseextractionof prosodyfeaturesand quality
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features of speechwas done. In the third and final part six 1. The Evaluaton Problem. Givena model 0 and a
Nonlinear Proximal support vector machineswas used to sequencef observationsX = (X1, Xz, . ., X1), whatis
recognizethe emotion and final recognition result through the probability that the model generates the

majority votingprinciple. observationsP=( X | 0) .
lll. HIDDEN MARKOV MODEL (HMM) 2. The Decoding Problem. Given a model 4 and a
sequenc®f observationsX = (X1, Xz, . ., X7) , what is

HiddenMarkov Model is the extensionof Markov Model with

the systemhaving unobservable or hidden states modeled a
markov process. In probability theory, a Markmodelis a
stochasticmodel which is usedto model randomly changing 3 The
systems. It isassumed that future state depends only on thk
current state, not on the events that occulrefbreit, ie, it
assumes theMarkov property. Generally, this assumption
enablegeasoning andomputatiorwith the modelthatwould
otherwise beintractable. For this reason, in the fields of
predictive modelling and probabilistic forecasting, is
desirable fom givenmodelto exhibitthe Markovproperty.

the most likely state sequenBe= ($, &, ..., §) in
the model thaproduceghe observations.

Learning Probl em. Gi ve
sequence of observatioXs= (X1, X2, . . X71) , how

can we adjust the model parameterli 6to maximize

the joint probability x P (X | ) i.e. train thanodelto

best characterizihe stateandobservations.

1. Forward Algorithm

) ) o Forward algorithm also known d#tering, in HMM, is uses
Hidden Markov Model (HMM) is a statistical Markov model the probability on the basis pfeviousor history datalts god
in which the system being modellsdassumedb be aMarkov s to calculate angjive the jointprobability as manydifferent
modelfor Hidden MarkovModelis definedas: thejoint probability.

: P =xP(x," )
T S={1,2,...,N:A setof states representing the state

space.S is denoted ashe state at timet. For speech wherex is thesequence of states ahis anevent.
recognition these would be the phoneme labels, for text
wouldbethe set of characters. @) = P(010; O, q= S| )

T O={o30,...,0m} :An output observation alphabet. The probabilityof thepartial observatiosequencend state Si
The observation symbolgorrespondto the physical at timet giventhemodel.
output of the system being modeled. For speech
recognitionthesewould bethe MFCCs. The initialization is done as
1 A={4a}: Atransition probability matrix, whera; is the
probability of taking dransitionfrom state to statq.
Induction is as follows
1 B ={bi(k)}: An emissiorprobability distribution, where
bi(k) is the probability obmittingsymbolox whenin state

i a;(t)= [2;1 a; = 1(j)a.x-j] b1 <=I1<=N

T ° ={" i}:Aninitial state distribution whefe i= P (%
=i) 1l<=i<=N. and the termination is as

N
A complete specification of an HMM includes two parameter: P(0lA) = Z a(i)
N and M, representing thotal number of states and the size i=0
of the observation alphabet, the observation alphaheand

IV. VITERBI ALGORITHM

Viterbi algorithm is used to find out the most likely sequence
) R ) _ of hidden state and th®=quencethat is generated At its
A HMM is oftemwhee®dliB &) Biyen U pyreform, this algorithm generateshe network in whichthe
the definition above, three basic problems of interest must Inodesrepresentghe different and distinct time points while
addressedbefore HMMs can beapplied to realvorld  branchesepresentsransaction.
applications:

three sets of probability measuresB,”
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VITERBI (0,5,11,Y, A, B): X DATA COLLECTION
function
I=T2:..K
for each stat do $
T,4li,1] & m; - B;,
aron
end for EXT R»’.\(_T[()N
F=23;:4T
for each observatio do v
i=12;:.,K FEATURE
for each stat_ do OPTIMIZATION
Tl[l,j] «— n]kax(Tl[k,j — 1] . Al\l - Bl}))
Tli,j] & arg max (Ty[k,j — 1] - Ay - By v
end for APPLY ING KNN, SVNM,
end for DECISION TREE
zr « arg maxy (T4 [k, T])
Xt & SPT
for j=T,T—1,..,2qgo v
zj—y < Tolz;,j] SEGREGATING DATA
Xj—1 € Sz ON THE BASIS OF
end for EMOTION
X
return .

end function

\ DEFINE THE START,

TRANSITION AND

3. Baum-WelchAlgorithm EMISSICIN- MATRICES

In HiddenMarkov Model, therearesomeunknownparameters

present,to find those parameters, BawWelch algorithm is -
used. It uses other algorithms like forwdralckwardalgorithm APPLY HIDDEN
to do its work. Forwardbackward algorithm, basically maix- MARKOWV MODEL

up or hybrid of forward and backward procdssontains the
benefit of both the forward and backward algorithm. This
algorithm is usedvhen wewant to know theprobability of a
sequenc¢hat comesfter someevent/statd, i.e.

P( kX

Fig. 1. Approach for Emotion DetectionusingMFCC and HMM

We first do classification of the emotion that we are going to

work on and then seldeaturesof the speech onvhich weare
V. METHODOLOGY goingto work to_geithedesiredemotion. To study the emo.ti_on _

of the speech signal, an effective and reasonable classification
The approach for the word done in this paper here is shovfor emotion based on certain characteristics is necessary.
with the help of Figurd. Thedata for this project is taken Emotions constitute theprimary motivational system of
from the RAVDESS dataset and usingel-frequency  humans. Each of the primary emotions suppliesiits unique
cepstral coefficients (MFCC), K-nearest Neighbors (KNN)  kind of motivating information. So it is hard to give an
and Hidden Markov Model(HMM) approach. Feature accurate definitiofor emotion. We usually use daily language
extraction and optimization is done using MFCC and the tags to identify and classify the emoti®uch as fear, anger
Gaussian ancKNN is applied with 5 clusters. Theresult  and pleased According to the degree of purity and raw, the
obtained isfetched to HMM and theresultemotionobtained  emotion can be divided into tweategories: major affective

is compared to theriginal emotion of thespeer. (raw emotionalandsecondargmotions (derived emotional).
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using MFCC and HMM

At the areas of feature extraction of speech emotion, it's faile
to reach a total trainingvhat feature can really distinguish
emotioncategory.Since,to selectapplicablefeatures carrying
information about emotion is necessary for emotior
recognition. Inthis paper, we choosethe first and second
derivativesof shortterm energy,thecombinationof the first
and seconderivatives ofpitch, 12-order MFCC.

At the study of emotionrecognitionof speechthe common
approachesrelate to Mel- frequency cepstral coefficients

(MFCC), HiddenMarkov Model (HMM).

MFC are basically made up of coefficients known as-Mel
frequency cepstral coefficien(FCCs). They are basically
derived from the cepstral audio clip (a nonlinear "spectafim
a-spectrum") representationThe difference betweenlies in
the fact that in MFC, the melscale is used to equally space
the frequency band, which approximates the human audito
systemrespons. This resultsin bettersoundrepresentatios

in audiocompression.

MFCCsarecommonlyderived as follows:

1. Fourier transform of (a windowed excerpt of) the

signalis taken.

2. Power of the spectrum so obtained is mapped onto the

mel scale, via triagular overlappingindows.

3. The log of the powers is takerat each ofthe mel
frequencies.
Discrete cosingransform ofthe list is takenof mel
log powers, a#f it werea signal.

5. Resultingspectrumobtainedis the amplitudesfor the

MFCCs.

Gausgan Mixture model or GMM is used for the grouping of
the data points or the groupimg various fields like pitch,
energy level and other features obtained from the MFCC
onwhich the detection is based so that we can collectively have
one input for the HMMmodel. We deduce a gaussian
distribution and make certain cluster which helps forming the
hiddenstatewhich is requiredfor the HMM model.In this we
useExpectationmaximizationAlgorithm which is basicallyan
iterative.

Hidden Markov Model (HMM) is atatistical Markov model

in which the system beingodelled is assumed to be a Markov
process with unobserved (i.e. hidden) states. The hidden
Markov model can be represented as the simplest dynamic
Bayesian network. The followingnageis the design thatd
beingusedand appliedor the project.

Fig.-2. HMM for speechemotionrecognition

As someone is speaking, for one willing to know the emotio represented in the square box in the diagr&ad, Anger,

of the speaker needs to look farertain aspects or
characteristicsof the speaker'svoice such as his pitch,
loudness, energy, etc.
complicated task. Emotions are the final state, that wesean

Happy, Calm, Neutral, FearThe speech is divided into
several sets and ferach set a hidden state is obtained: x1, x2,
Now, for machine this is quite x3, x4, x5 and x6. From thesestatesvia given probability,
i.e., al2 for moving from x1 to x2,a23for moving from x2
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to x3 and so on and from x1 to sadas b1lS, from x2 to sad
as b2Sand so on. So that the prability of the observed
sequence:

B =B1S, B2S, B3S, ...,.Bnm
where:

n = No of hiddenstateqie, 6 for this state)
m = observablestates(ie, sad, happy, etc or humber of
observations)

P(B)=P(B|A)/IP(A),
whereA is the probability of thehiddennodesgivenby:

A=al2,a23,a34, ...
whereal2 =probabilityof movingfrom hidden state 1 to 2.

VI. EXPERIMENTS AND RESULTS

After applying MFCC and HMM the result obtained is shown
in the figure 2. The columshows the actual emotion whileet
first row is the obtained emotion. The values angdrcentage.

Neutral Happy Calm Anger Sad Fear
Neutral 95.2380 0 0 4.7620 0 0
Happy 0 100 0 0 0 0
Calm 9.5238 9.5238 76.1904 0 0 4.7620
Anger 9.5238 0 4.7619 71.4285 0 14.2857
Sad 0 0 4.7619 0 85.7142 9.5238
Fear 0 0 0 4.7619 4.7619 90.4761

Fig. 3.Resultobtained by applying the MFCC & HMM

VII. CONCLUSION

From the above observations we found that KNN gives thg;
accuracy of about 41%. SVM othe other hand gave an
accuracy of about 42%. DecisioneBrand Random forest gave
an accuracy of 34% and 25% respectively. The Hidder6.]

Markov Model gave the best accuracy 7%, which is
highest amongst all tHdachineLearningtechniques applied.
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Abstract Sun orientedenergyis bounteousy accessiblavhich make
it conceivableto collect it and use it appropriately. Sun oriented
energywould be an independentproducing unit or may be a lattice
associatedcreating unit relying on accessibility of a framework
close by. Accordingly, it tendsto be utilized to control provincial
regionswherethe accessibilityof lattice is extremelylow. One more
benefit of utilizing sun oriented energyis the convenientactivity at
whatever point and any place important. To handle the current
energy emergency one needsto foster a productive way in which
force must be separatedrom the approachingsun basedradiation.
The utilization of the mostcurrent force control instrumentscalled
the Maximum Power Point Tracking (MPPT) calculations prompts
the expansio the productivity of activity of the sun oriented
modulesand is successfulin the field of usage of inexhaustible
wellsprings of energy. MPPT calculation controls the force
convertersto consistentlyidentify the quick greatestforce of the PV
exhibit. MPPT calculation expands the sun based energy
proficiency of a sunlight based PV frameworks. Gradual
conductancebasedMPPT procedureis utilized to follow greatest
force point precisely with quick reaction. The Incremental
conductancestrategy search the specific MPP dependenton the
input voltage and ebb and flow however doesn't rely upon the
qualities of PV exhibit. The MPPT calculation is carried out in PV
based force age frameworks alongside two unique DC-DC
convertersto supportup the yield voltage.The working of proposed
calculation is checked by re-enactment utilizing MATLAB and

Simulink frameworkgeneratot

Keywords -
Converter.

Solar Energy, Incremental Conductance, Boost

. PHOTOVOLTAIC CELL

A photovoltaiccell is essentiallya semiconductodiodewhose
pi n intersectionis presentedo light. Photovoltaiccells are
made of a few sorts of semiconductorautilizing distinctive
assembling measures [4-8]. The monoccrystalline and

polycrystalline silicon cells are the main found at business

scaleright now [12]. Likewise, outerconversebiasingis given
to the photovoltaicmoduleto build the exhaustiorwidth of the
p-n intersection.

Working of a PV cell dependson the essentialstandardof
photoelectricimpact [16-18]. Photoelectricimpact can be

characerized as a wonderwhereinan electrongetslaunched

out from the conductionband as a result of the retention of

daylightof a specificfrequencyby the matter(metallicor non
metallicsolids,fluids or gases).

In a PV trademarkthere are fundamentallythree significant
focusesviz. open circuit voltage, impede and most extreme
force point [19-20]. The greatestforce that can be extricated
from aPV cell areatthe mostextremeforcefocuses.

As arule, makersgive theseboundariesn their datasheetfor
aspecificPV cell or module.

Sunlight

n-type Material

p-n Junction
p-type Material

Solar Panel
Photons
T Electron
Flow
XX
000

Hole
Flow

Fig. 1. Structure of a Solar Cell

The basic equation [22] from the theoretical operation of
semiconductors that mathematically describes the |-V
characteristiof theideal photovoltaiccell is:

gx(V+IxRg) V+|XR
I=], -1y x(e ™7 ). 278

e ()
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Fig. 2. Simple PV Model

RP is parallel leakageresistanceand is typically large, >
1 0 0 kngmost modern PV cells. This componentcan be
neglectedn manyapplicationsexceptfor low light conditions.

Currentthroughthediodeis representedy:

gx(V+IxRg)

|OX(e nxkxT _1):é (2)

Where:

IO = Diode saturatiorcurrent

g = Electroncharge(1.6x1319 C)

k = Boltzmannconstan{1.38x16 23J/K)

n = Ideality factor (from 1 to 2)
T = Temperaturg®K)

T>o J>0 T To I

SunorientedCell I-V CharacteristicCurvesare chartsof yield
voltage versus flow for various degreesof insolation and
temperatureand can seeyou a ton abouta PV cell or board's
capacity to change over daylight into power. The main
qualitiesfor working out a specificb o a rpdw&rgating are
thevoltageandcurrentat greatesforce.

Maximum Power

Amps Paint (MPP) Power
Shart CI[CUIF [ IV Curve I
Current (Isc) —
(P =Vl
Imp
= P-V Curve o
= 3
w —
il o
: :
E o
< Area = Vip X Iyp
VITIB}{
D =
Voltage (V) Vi Volts
Open Circuit
Voltage (Voc)

Fig. 3. Ideal IV and PV Characteristics

The above graph showsthe currentvoltage (1-V)

characteristic®f a typical silicon PV cell operating
undernormal conditions.The powerdeliveredby a
singlesolarcell or panelis the productof its output
currentandvoltage (I x V). If the multiplicationis

done, point for point, for all voltagesfrom short

circuit to opencircuit conditions,the power curve
aboveis obtainedfor a givenradiationlevel.

. MODELLING OF PV ARRAY

The electrical specificationof the PV array used are stated
below:

TABLE 1: PV Array Module Data

MODULE DATA VALUE

Maximum Power (W) 213.15

Cells per module (Ncell) 60

Open circuit voltage Voc (V) 36.3

Short-circuit current Isc (A) 7.84

Voltage at maximum power point | 29

vVmp (V)

Current at maximum power point | 7.35

Imp (A)

Temperature coefficient of Voc -0.36099
(%/deg.C)

Temperature coefficient of Isc 0.102

(%/deg.C)

TABLE 2: PV Array Model Parameters

MODEL PARAMETER VALUE
Light-generated current IL (A) 7.8654
Diode saturation current IG\] 2.9273el0
Diode Ideality factor 0.98119
Shunt resistance Rsh (ohms) 313.0553
Series resistance Rs (ohms) 0.39381
T Temp

Time (sec)

Fig 4: Input Irradiance and Temperature
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The valuesfor irradiancesstartfrom 1000 W/m2 initially and
goesdown gradually to expressthe continuousdecreasen
sunlight intensity keeping the temperatureconstantat 25°C.
This is done to show variation and fluctuation in sunlight
duringthe completeday.

The IV and PC characteristicsof our PV array model are
shownin Fig 4.4 for the three different valuesof irradiances
thatare1000,500,100W/m2 at25°Ctemperature.

Irradiance
(Wim2)
Ramp

h 4
—

Temp b

Fig. 5. PV Array Simulink Model

Array type: User-defined,

2 series modules; 2 parallel strings
Y ' ' ' '

B
-

0.5 kWim?

\LAEANE]

Current (A)
o =

0.1 kWi

0 10 20 30 40 50 60 70 80
Voltage (V)

Voltage (V)

Fig. 6. IV and PV Characteristics

Ill. EFFECT OF VARIATION
IRRADIATION

The P-V and |-V bendsof a sun basedcell are profoundly
reliant upon the sunlight basedlight qualities. The sun based
illumination becauseof the ecological changescontinuesto

vacillate, howevercontrol instrumentsare accessiblahat can
follow this changeand can adjustthe working of the sunlight
basedcell to satisfythe necessarpurdenneeds.

IN SOLAR

5 : j j :
G=1000w/msg '
1 ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
G=800w/msq !
< 3o o Lo boooe-
= G=600w/msq :
E i 1
- 2 """"""I""'""'"E' """""""""
- G=A00w/msq !
1 = ekl
G=2¢It}w!m5q
) i H I
0 10 20 30 40 50

Voltage (V)
Fig. 7. Variation of -V curve with solar irradiation

Higher is the sun orientedillumination, higher would be the
sunlight based contribution to the sun based cell and
henceforthpower size would incrementfor a similar voltage
esteem.With expansionin the sun poweredlight the open
circuit voltage increments.This is becauseof the way that,
whenmoredaylight occurrence®n to the sunlightbasedcell,
the electrons are provided with higher excitation energy,
corsequently expanding the electron portability and hence
moreforceis created.

P(V)

5=1000
o[ T
T=25C /
-

-

. X
15 2

0 25

G=200

Viv)

Fig. 8. Variation of P-V curve with solar irradiation
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V. EFFECT OF VARIATION IN
TEMPERATURE

On the oppositethe temperaturéncrementaroundthe sunlight
basedcell contrarily affectsthe force ageability. Expansionin
temperatures joined by a reductionin the opencircuit voltage
esteem.Expansionin temperaturecausesexpansionin the
band hole of the material and consequentlymore energyis
neededo crossthis hindrance . Consequentlythe proficiency
of thesunpoweredcell is diminished.

A Increasing
temperature
reduces
power output

Increasing
temperature
increases current

Current

Increasing temperature
reduces voltage

T=0°C
T=25°C

T=50°C ——pp

\oltage

Fig. 9: Variation of I-V curve with temperature

V. INCREMENTAL CONDUCTANCE MPPT
ALGORITHM

This proceduredependenbn a perceptionof P-V trademark
bend.It attemptsto further developthe following time andto

deliver more energyon a tremendoudight changesclimate.
The condition for executing the INC calculation can be

effectively gottenfrom the fundamentaforce condition.

The equationfor poweris givenas:
P=V *1lg (3)

Differentiating the above equation with respectto voltage
yields,

dP  d(V=xI)
v av

dP dl
—=1+V=* (W s

dv (4)

The condition for the maximum power point
trackingis that the slopedP/dV shouldbe equalto
zero.Substitutingn theaboveequation,

w =~ o

Fig .10. MPP Locations

The above equationis implementedin MATLAB m-files to
track the Maximum Power Point of the PV panel. The flow
chartdescribingthe INC Algorithm is shownin the Fig 8.

In this flow chart,V(k) is the newdetectionvoltageandI(k) is

the new detection current, V(k-1) and I(k-1) is previous
detectionvalues.At the point whenthe new worth is perused
in to the program,it works out the pastesteentontrastandthe
upgradedone,andafterwarddecidethe voltagedifferentialsis

zero or not, concurringthe voltage differentials is zero, the
currentdistinction not really settled zero or not. On the off

chancethatthe two of themarezero,it showsthattheyhavea
similar worth of impedanceand the worth of obligation
proportionwill continueasbeforeasin the past.

. start

[ Measure V(K),I(k)

dV=V(k)-Vik-1)
dI=i{k)-I(k-1)
Bl
No ' - Yes
*— . dv=0 7 —“r

Y88 dlidv=-(1()V(K)) Nf 7 No " y=p .YeS
I A l

No Change : difdV > (1K) di>0 | No Change
o No  Yes cz,—| ‘ [
—

[}

. h 4
|Increase Decrease| Increase | Decrease
Duty Ratio  Duty Ratio Duty Ratio | Duty Ratio

» Return <

Fig. 11 Incremental ConductanceFlowchart
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In the eventthatthe voltagedifferentialis zero,yet the current
differentialisn't zero,it showsthattheinsolationhaschanged.

At the point when the distinction of the current qualities is
more noteworthy than nothing, obligation proportion will
increment,when the distinction of the currentworth is under
zerothe obligationproportionwill diminish.On the off chance
that the voltagedifferential isn't zero decideit whetherfulfill
the eq. 5 or not, wheneq.5 is fulfilled the slantof the force
bendwill be zero that implies the frameworkis working at
MPP, if the differenceof conductancés morenoteworthythan
the negativeconductancesteemsit implies theincline of the
force bendis positive and the obligation proportionis to be
expandedanyotherway, it oughtto bediminished.

VI. BOOST CONVERTER

A lift converteris probablythe most straightforwardkind of

switch mode converter.As the name proposes,it takes an

informationvoltageandlifts or buildsit. All it comprisesf is

aninductor,an exchanginggadgeti.e., MOSFET,a diodeand
a capacitor. Likewise, we need a wellspring of occasional
squarewvavethatwe aregettingfrom our PWM generator.

© Inductor

Voltage

Capacitor
Source P

Switching
2 Device

E=]

Fig. 12. BoostConverter

The greatestbenefit support convertersoffer is their high
productivity T some of them can even increaseto almost
100%! At the end of the day, almost100% of the info energy
is changedverto helpful yield energy,just 1% is squandered
as far as misfortunes becauseof latent componets like
inductorsandcapacitors.

TABLE 3: Passiveelementsof boostconverter

ELEMENT VALUE
Capacitor 1 (F) 100e6
Capacitor 2 (F) 100e6
Inductor (H) 2e3

Load Resistance Rohms) 20

MOSFET Forward Voltage MV) 0.8

Inductor

| :
(
- Moslet@— Capacitor 2 Lo
0

Capacior

Fig 13: BoostConverter Simulink Model

VII. SIMULATION RESULTS

The simulationof a solar cell was doneusing MATLAB and
SIMULINK. TheinputPV andlV curvesof the PV arrayfrom
simulationareasshown:
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Fig. 14. IV and PV Characteristics of PV Array
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ThePV andIV curvesof theoutpu current,voltageandpower
from simulationareasshownin fig. 15.

To calculatethe efficiency of the solarcell, it is necessaryo
know how much powerthe solar cell receivesand how much
powerit producesSo,we build a branchin Simulink modelto
calculatethe powerefficiency of our IncrementalConductance
Algorithm asperthegivenformula:

Po — Pi
E = [1 - (— x 100
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Fig. 15. IV and PV Characteristics of Controller
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Fig. 16. Efficiency Simulink Model

The efficiency of incrementalconductancealgorithm using
boost convertermodel is found out to be 97.74 % which
meansthis percentof input power is transferredto output
incorporatingvoltagesandcurrentsat maximumpowerpoints.

VIII. CONCLUSION

The issueof impedancecoordinatingis effectively tackledto

give greaest force move from contribution to yield. The

Incremental ConductanceMPPT Algorithm emphasizesand
chooseghe obligation cycle without anyoneelse concerning
the sun poweredillumination, making the total framework
more effective and solid. This calculdion permitsframework
to work at mostextremeforce guide and matchload with the

sourceimpedancdowardgive greatesforce at the yield. This

MPPT modelis moreappropriateasa resultof its lessexpense
and simpler circuit plan. PWM Generatorwas usel for

creating the beat signal that was contrastedand the sign

producedrom the MPPT unit to give out the gatingsignto the

switch. Lift converteris effectively expandingthe information

voltage as indicatedby the most ideal obligation proportion.
Thereis alittle lossof forcefrom the sunpoweredchargerside
to the lift converter yield side. This can credit to the

exchangingmisfortunesand the misfortunesin the inductor
and capacitorof the lift converter.The different waveforms
weregottenby utilizing the plot systemin MATLAB outlining

wantedoutcomes.
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