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ABSTRACT

C:!Oh’}l!\; villion people have a vision impairment ‘h At COUld Bave faan b e
LA I & = 5 i ;;::1‘_:i! ::‘}w.»“"{:,”“\i;“'!':i f‘;"

h:.-’::% vet to bg%} addressed. This 1 billion people include tHose With moderats. ;
ML TTIQUSTae O severs

“distance vision impairment or blindness due to | unaddressed reffactiva arrme (455 5
: a error {17237

million), cataract (65.2 mitlion), glaucoma (6.9 million). cormeal aoartioe (A 5 .

diabetic retinopathy (3 million), and trachoma (2 million) as weall ac nesr

impairment caused by unaddressed presbyopia (826 million)

differences, the prevalence of distance vision impairment in low- and middle-income

regions is estimated to be four times higher than in high-income regions. With reqarda

to near vision, rates of unaddressed near vision impairment are estirma

greater than 80% in western, eastern and central sub-Saharan Africa
comparative rates in high-income regions of North America, Australas

Europe, and of Asia-Pacific are reported to be lower than 10%. Population g

e slar-tigac=Na
isle e

ageing are expected to increase the risk that more people acquire vision

in this project in order to facilitate the blind we will be using deep learning alg

:""w"\ R

N ‘* P 51
e Diin Rit

as efficientnet B3 to caption the image for the blind person in which th

suc
know about the object detection, distance and position of object. This is bee

using advanced image captioning techniques implementing efficientnat

mrhiava
nacnigve

by
lgorithms and tokenization methods where the scenes with different a:apt%ons

learned by the machine. Whenever an image is captured via the camera
recognized and predicted by the processor. The major objects are also p
the distances calculated from the camera. After the prediction, it is bee

Alexa microphone which will send an audio output to the user which can help them

=n sent o the

~

identify the distance and position of object. Thus, with the help of this project we
: pmvzde an artificial vision to the blind, which can help them gain confidence while.
o travel!mg alone. Agemg populations and population expansion are predicted to raise

- the likelihood that more people may have visual impairment. In this research, we will
use deep leammg algorithms, such efficientnet B3, to caption images so that the bhnd

kmay read and understand mformatron about object identification, object DOSmOn and

‘4‘51-dfstance The dtstances between the main objects and the camera are also romputed -
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» CHAP T 1
INTRODUCTION

TENERAL INTRODUC TION:

Pl Boman eve s ke a camera thal eollecty, focuses, and ransmits laht tirouagh
Cd fene doooreate an image ol e snrroundings Inoa camer, The dimage 19 creatad on

Bl or @n oans sensot I e eye, thie n’nn{;:-*- b created onthe retinnn, o thin ayear of

"'\‘“T senmitive Haaue al the baok of the oy
Like a damera, he human eve conbrols the amount of light that enters the sy

Phe s (the colored ciicular patl of the eye) conliols tho amaount of heght passing

1

through e pupd 1t cloges up the pupil in bright light and opens it wider i dirm Jigh!
Thes comea g the transparent, prolective surface of the eye. It helps focus light, as
does e dens, which sits just behind the iris. When light enlers the eye, the retina
changes the haht nto nerve signals. The relina then sends these signals along
sphic nerve (@ cable of more than 1,000,000 nerve fibres) to the brain. Without 2
reima oF eptic nerve, the eye can't communicate with the brain, making vision

impossible

Many people have some type of visual problem at some point in their lives. Some

~ Can nolonger see objects far away. Others have problems reading small print These

g

Ctypes of conditions are often easily treated with eyeglasses or contact lenses. But
when one or more patts of the eye or brain that are needed to process images become

sed or damaged, severe or total loss of vision can occur. In these cases, vision

m*lw fully restored with medical treatment, surgery, or corrective lenses like glasses

LAt contacts

The Amencan Foundation for the Blind estimates that 10 million people in the

 United States are visually impaired. Visual impairment is a term experts use to

desctibe any kind of vision loss, whether it's someone who cannot see at all or

m} ne uric:-w 2 has partial vision loss. Some people are completely blind, but many

t“‘a"m have what's called legal blindness,
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1.2 TECHNOLOGIES USED:

* Deep Learning

Deep learning is a computer software tha MIMics the network af nsrrmme o -
- PV RO Newons in a

brain. It is a subset of machine learning and is called deep learning becauses it

use of deep neural networks,

Deep learning algorithms are constructed with connected layers

« - The first layer is called the Input Layer
« The last layer is called the Output Layer

« All layers in between are called Hidden Layers. The word deep rmezrs the

network join neurons in more than two layers.

00000000000

77000000f

Figure 1.1 Deep Learning Layers

Each Hidden layer is composed of neurons. The neurons are connected (o each
ther. The neuron will process and then propagate the input signal it receives the layer
bove it [1]. The strength of the signal given the neuron in the next layer depends on

1e weight, bias and activation function.

The network consumes large amounts of input data and operates them through

ultiple layers: the network can learn increasingly complex features of the gata o

ach layer.
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MTANCE OF DEEP LEA ;emmn,

: . H\?ﬂ

Doep feaining B8 powerTal 196! 1 ko pradiction an actionable resalt Deap

«i%:";i‘l’?!ii]{j} OROEIE N f"i’»!ih’ﬂ?"i g’“?ll:;é’\_f‘lf\‘? QETRITRIATATRVIE FETE !;‘?7”';‘!;”3” ,”}:f E’Tfi‘§‘_F;f}z*‘l i}
fes i «‘l “1 i w :’“'3

prediciion Big dada i dhe fuel o doep fesirning. Whiest boily - are

organmsaton  can redp  unprecadentad resulls in ferm of produclivity sales

managenment and innovation

;
clesety lesrmng

Dewp earmmg can owtpedorm traditional methoe | or nstance,

wosthms are A41% more accurale than machine learning  algeorit

clagsihication, 27 % more accurate in facial recognition and 25% in voice recognition

* DEEP LEARNING PROCESS

z
I m i ne
IR PLE g

A deep neural network provides state-of-the-art accuracy in many tasks, f

obect detection o speech recognition. They can learn automatically, without
predefined knowledge explicitly coded by the programmers.
Understand tdentify ““‘[!fct [;)F"fn . Traingthe ‘ Test the
EANG ' Muaded ; Mode!

the probler ; Yata : :
the problem Date : Mgorithm

Figure 1.2 Deep Learning Process

To grasp the idea of deep learning, imagine a family, with an infant and parents.

The toddler points objects with his little finger and always says the word ‘cat' As its

parents are concerned about his education, they keep telling him 'Yes, that is a wn or

" The infant persists in pointing objects but becomes more

‘No, that is not a ca
s acat

accurate with 'cats.’ The little kid, deep down, does not know why he can say it is

or not. He ha%;ust learned how to hierarchies’ complex features coming up with a cat

by looking at the pei overall and continue to focus on details such as the tails or the

- hose before to make up his mind.
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oo 1he Wk } aen i;'ﬁi\gi{*i}" Viag e

§ !‘)” 5 1“‘
%f};a %1* AT e 13\ s‘t

WiN ‘ﬁ‘

T5en

Vv FreRL b A fetwinrk W

5 T B i ;
i ‘.<i‘ \i& & gf. ?\ fR e y?l" g‘;‘\\ f-:f,’%\_:gf{':i‘.

L QUUE 1w

¢ 5

si z;\w\ z‘s ‘}s,§ Fa {; STRE

s B

Cieate & B

frveatien of thie g aned
0 } Y 0y ii*“‘ni

* SOOI phage aime o mproving the model with & ihematival meti,

net

wark repeats these two phases hundreds

to thousands OF fitvves unhil
&% reached a tolerable level of aceuracy. The repeat of this two phase s called an
Herabon
&

RECURRENT NEURAL NETWORKS (RNN)

‘RNN is a multi-lavered neural network tha

tcan store information in context
Jes, allowing it to leam data sequences and output a number or another sequence
N simple words it an Artificial neural network whose connections between neurons
inCiude loops. RNNs are well suited for processing sequences of in puts
* 1he RNN neurons will receive a signal that point to the start of the se ntence
« The

network receives the word "Do" as an Input and produces a vector of the
number. This vector is fed back to the heuron to provide a memory to the
network. This

stage helps the network to remember it ¢

eceived "Do" and it
'hf:‘*c:fszved itin the first position,
% The m@wwk will similarly proceed to the next words, It takes the word "you' and
wa:zs rm state of the neurons is updated upon rece eiving each word.
.

Tﬁe f;ma stage occurs after rec eiving the word “a

M The neural network will

=nglish word that can be used to complete th
seh!enc& A well-trained RNN probably

: "drmk " “izumes < e

t‘

assigns a high probability to "café™
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~* Common unes of RNN

b Hel vecunties trader o gonerate analytie reports

Petect aboormalities i the conly: wb ol inancial stalement
3 Deteet ravdulent erédit-cand ansachon
4 Provide a caption for immages

5 Power ehatbols
" A s ” i X TR i ; P
& The standard uses of RNN oceur when the praclitionors are working with time

weties data or sequences (e.g., audio recordings or text).
* CONVOLUTIONAL NEURAL NE TWORKS (CNN)

CNN is a multi-layered neural network with a unique architecture designed to

extract increasingly complex features of the data at each layer to determine the output

UNN's are well suited for perceptual tasks,

g s
{#4 % §
£k | 1.
Wl s i
bt L F R
ik bt 4 ‘
& : o ‘
-y $ - $od L )
4 g g < i
i
4
5% 2ee TONCRUIEDN B0y T T CEMVOLUTION o BlLg POAING AT N i RAAN
RN A £ 3841 H
B N S e ARSI S5 e b e, el IR R A
T4 o s
Y Y
FEATURE LEARNING CLASSIMCATION

Figure 1.3 CNN

CNN is mostly used when there is an unstructured data set (e.g., Images) and

the practitioners need to extract information from it
For instance, if the task is to predict an image caption:

. ";’.g;e CNN receives an image of let's say a cat. this image, in computer term, is
!#@Lt ton of the pixel. Generally, one layer for the le‘VSbaiP picture and three
i:z\ferx fc;r a color pzctu:“e

f?tmm ;é}e f@:}tw i»:sammg (Le., hidden layers). the netwerk will fdenmy Lmtque

,-4;:'1_t_m‘*esi forins anw the tail of the cat, the ear, etc:

5
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TSRS A A, ST SR e el
2 Can provide

» When the networlk 'ﬁ‘acf).rtu.sg:zf‘ziy learned how te recogni

srobiability el

@ probability for each image it knows, | ne label with the higheast

become the prediction of ihe network

A Convolutional Neural Network (CNN) are a special kind of mut fayer negral

networks, dess Q”i 1 1O ren H(}ﬂf/ﬁ vigyal patterns ‘f%{'(.y:[_i\}; fresm pixel im;

pre-processing ?m ImageNet project is a large visual database designec
visual object recognition software research [23] The ImageNet project runs an annual
EVE ey

software contest. the ImageNet Large Scale Visual Rec agnition Challenge (ILSVRC),

: w*‘: Te software programs compete to correctly classify and detect objects and scans

- 152 layers
A
:“22:layers' 19 Iayérs :
267

3.57

HSVRC'I5  ILSVRC'14 ILSVRC'14  ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

Figure 1.4 Types of CNN

Advantages of Convolutional Neural Networks (CNNs):
Good at detecting patterns and features in images, videos, and audio signals.

@l

Robust to translation, rotation, and scaling invariance.
End-to-end training, no need for manual feature extraction.
Can ’nénd!eﬂlarge amounts of data and achieve high accuracy.

B0

. D;sadvantag@s of Convolutional Neural Networks (CNNs):
Computat;onany expensive to train and require a lot of memory.
" »Can be prone to overfitting if not enough data or proper regularization is used

1
12
- j’:jar\lir;Reqmres iarge amounts of labelled data. :
 4‘.{-‘ In}terpretabmty is limited, it's hard to'understand what the fietwb;k'faas'ie‘a_rrwed.
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CHAPTER 3
LITERATURE supvEY

: 2 1 A Text- Guided Generation aned Refinomsnt Mode! for it

Ca ptioning

A high-quality image deseription renues not onby e iogie s
language but also the nehness and aocuracy of he cantent Howeyar
semantic gap between wvision and bangiage monst avisting Ee  Canhenineg
approaches that directly leam the cross-modal mapping fromm the vision i b e
are difficult o meet these two requirements  simultaneonely Inspired iy
progressive leaming mechanism, we {race {he ‘generating + refining’ roiie
pmpow anovel Text-Guided Generation anc Refinerment (dubbed as TOOAEL qidedes!
- with assistance from the guide text to improve the quality of captions

M the training set according to the visual content similarity, th

Fhies gusde teve

- is selected fror
he salient objects and extend the candidate words.

2.2 SD-RSIC: Summarization-Driven Deep Remote Sensing Image
Captioning
Deep neural networks (DNNs) have been recently found popular for image

tioning problems in remote sensing (RS). Existing DNN-based approach
iges with their

:
85 rely on

€ availability of a training set made up of a high number of RS ima
captions. However, captions of training images may contain redundant information
(they can be repetitive or semantically similar to each other), resulting in information
deficiency while learning a mapping from the image domain to the language dorn
To overcome this limitation, in this article, we present a novel summarization-ciriven

PS zmage captioning (SD-RSIC) approach. The first step obtains the standard image
captions by jointly exploiting convolutional neural networks (CNNs) with long short-

S

term memory (LSTM) networks [21].

2.3 Topfcforiénted Image Captioning Based on omm_mmmmq
o We present an image captioning framework that generates captions under u_
'given toptc The topic candidates are extracted from the caption corpus. A given

. "':mage 8 topfcs are then selected from these candidates by a CNN-based multi-label
u‘f the:

' "c!ass:ﬂer [2} The mput to the caption generation mouel is an image tupu, pd!f

@ Scanned with OKEN Scanner




seorrinctal ik el e il

Gutpul = a caplion t;\V:HH‘ fiveae For thia IR RIE TSN AT
s learned tor tf’\t"»"z’fl‘.mlr-—"'?‘: forpties, afl Aptisns 1y the paapaneed feanessorb e v

caption, and i Age e i iz b bierarehieal drnetins vt je et it

embodding space by using the order eiibedding methiod The lower oo pustbies e
| iy e esepibisaddediies s

images and ¢ aptiong about the same topic closer tagesthes i 1

2.4 More is Better: Procise and Detalled Image Gaptioning using Ondin

Positive Recall and Missing Concepts Mining

Rc-méi’nly. a graal prograss i atlomealic e captioning beis b e o
by using semantic concepts detectod trom the image. Flowevar, we areguie thind oot
concepts-to caption framewaork, in which the concopl detector s It taing the
image-caption pairs to minimize the vocabulary discropancy, suffers from ke
deficiency of insufficient concepts. The reasons are two-fold: 1) thes exdrome imnbatan
between the number of occurrence e posilive and negative samples of the concapt, el
2) the incomplete labelling in training captions caused by the biased annotation and
usage of synonyms [22]. In this paper, we propose a method, termed Online Paositive
SO aolems, (it

Recall and Missing Concepts Mining (OPR-MCM), to overcome those probilen
method adaptively re-weights the loss of different samples according 1o thoy

predictions for online positive recall and uses a two- stage optimization strateqy for

missing concepts mining.
2.5 Re-Caption: Saliency-Enhanced Image Captioning through Two-
Phase Learning
~ Visual and semantic saliency are important in Image captioning. However,
single- phase :mage captioning benefits little from limited saliency without a salienc
predlctor In this paper, a novel saliency-enhanced re- captioning framework via two
phase learnmg is proposed to enhance the single-phase image captioning. In the
framework, visual saliency and semantic saliency are distilled from the first-phase
model and fused with the second-phase model for mode! self-boos sting. The
iency mechanism sheds some lights on the properties of words with part-of-speech
- Noun in a caption. Besides, another type of saliency, sample saliency is proposed to

e’*P ‘CZUY compute the 38“8”("“‘] degree of each sample, which @lpfr for more robust _

semantic

o mage cap :omng
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2.6 Cross Qomam Image Captioning via Cross-Modal Retrieval and Mode!

-~

Adaptat:on :
In recent years large scale dalasets of
enabled the remarkable success in automaticaliv | cnerating

§ Tl Al T avar: § 2y Foaes Tavbaap fen e iirds el Sy e
namely image captioning 21 itis labor-intensive and time-ce

& 2 e v ¥3 - { S s ¢ o 7 % paag et b pae o g I$ gty inn feos ooty
a suffictent number of pairea images and santences in each daomain i Mgy oe

beneficial to transfer the image captioning maodel trained in an existing e
pairs of images and sentences (i.e. source domain) to a new domain

unpaired data (e . target domain) In this paper. we propose a cross-rmaod

P
ween

facilitate the adaptatlon of the captioning model. To learn the correlation bet

i Craes _preet
e Cross-miot

images and sentences in the target domain, we propose an iterative

relrieval process where a cross- modal retrieval model is first pre-trained us

source domain data and then applied to the target domain data to acquire an initial s=t

gy

O pseudo image-sentence pairs [20].

2.7 Chinese Image Caption Generation via Visual Attention and Topic
Modeling

Automatic image captioning is to conduct the cross-modal conversion from
image visual content to natural language text. Involving computer vision (CV) and
natural language processing (NLP), it has become one of the most sophisticated
research issues in the artificial-intelligence area [19]. Based on the deep neural
network, the neural image caption (NIC) model has achieved remarkable performance
in %mége captioning, yet there still remain some essential challenges, such as the
deviation between descriptive sentences generated by the model and the intrinsic
content expressed by the | image, the low accuracy of the i Image scene description, and
the monotony of generated sentences. In addition, most of the current datasats and
methods for image captioning are in English. However, considering the distinction
between Chinese and English in syntax and Sémantics, it is necessary to develop

Specia :zed "h inese image caption generation methods to accommodate the

di fference.
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CHAP T 4
; BECUIEMENT Atipg 515
11 HARDWARE JEGUIREMENT S
S Alawa Micragiliane

ANBZGH Algrs, alsd Bt sy as g, i85 UIHAST B siniant Sa e o
largely based an a Paolish SpEBCh sytithosige; named lons, boughs Y Frtiss e iy

AUTAN wae firsl used in (s Adviaz e Lohor s Spciver gl this Eene

LR M2 4 15 ,I £ &
Sdtidies AV F O Pip spesloeg & tesisliged by Arnnzon | A26. 1018 capatie of yoirs

Ieraction nsic HEVIETES adnicy feraley fsts

satting alarens, strearnineg ¢
Phiaying Aok,

of 45
'S s 1a
VAT LA

; 16515

and - providing westher, Araftie,
Hlsimation. such as Pt

sports, and  other real-tirae

i

Alera can also COGl sevyet il strart devices using isalf as a horne diftornation

RYslem. Usars are abls 1o crlanid the Alera capabilities by installing "skill
functionaly Hevaloped by thifre

3" {additicral

Fpatty vendors, in other settings more cormmon
apps) wuch e wesiilliey GHTEIEE

y Called
el audio foatures

W uses aulomealie specch recognition, natural language processing, and other
forme of wesl Al (o partonn these taske, [18]

- Most devices with Alexa allow users o

activate the deviee UsIng oo wake-word (such as Alexa or Amazon); other device

Ces (such
an the Amazon mobile APP o O5 or Android

and Amazon Dash Wane] ) require the

HEer o elick o bullon 1o aclivate Aloxa's listening

mode, although, sorme phones also
such as "Alexa" or "Alexa wake"

Al of Novembe 2018, Amazon haed more
Alexi and relaled procicts

allow o usesr (o say acommiand,

than 10,000 employees working on
[T7] I danuary 2019, Amazon'

that they had sold over 100 million Alexa-enabled devices. In September 2019,

S devices team announced

Aminzor launched Many new devicos achieving many records while competing with
fhe world's st home industry. The new Echo Sludio became the first smart speaker
with 360 sound and Dolby sound. Othe new devices included an Echo dot with a clock
bichind thes fabric, o new (hird 0

ho Show 8, a plug-in Echo

eneration Amazon Echo Eg
device, G

ho Flex, Aloxa buil M wiraloss carphones, Echo buds, Alexa built-in

- Ring, and Echo Loop.

&

. ‘4{;‘,;’;&;;“;1gj;{jj](‘;%.fj,_ Feho f)’f:‘“lr)(;.’f‘}, an Aloxn l.)l““
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Figune 30 Alessa Moy ilieine

3.2 SOFTWARE DESCRIPTION
the purpose of the Soflware Requitetnent Spacification s fo g 4

specification of the analysis lask and also (o establish complete information o,
tequirement, behavior and also the other constiaint like functional perfom s e a0
i Lrplataly

1 The main aim of the Software Requiremen! Specification 1s o ol

SO0 O

specity the technical requirements for the sollware product i o concise

unambiguous manner [16],

« GOOGLE COLAB

In this project, google colab is used as an open-source 10

cloud-based  Jupyter ’

Google Colaboratory is a free online riciteakie ok

environment that allows us to train our machine learning and deep learming modeis «

: CPUs, GPUs, and TPUs.

(O S’k;ﬁgiggii—;

Vol ¥

It gives us a decent GPU for free, which we can continuously ruri for
For most data science folks, this is sufficient to meet their computation necd

Google Cclab gives us three types of runtime for our notebooks

s CPUs, :
© GPUs and
¢ TPUs
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- Colab gives us 12 hours of continuous execution time. After that, the whole virtual
2 can run multiple CPU.

- machine is cleared and we have lo start again We ¢

—Uoand

Y=

but their resources are

TPU instances simuitaneously,
instances. '

fo Notebook-Tigynls
Viesw sl Fuastime Toon Bl

Figure 3.2 Google Colab Notebook

m
C

Colab notebooks allow us to combine executable code and rich text in =
ate ocur ow

document, along with images, HTML, LaTeX and more. When we crea
Colab notebooks, they are stored in our Google Drive account [15]. We ca

— P EYs
i Sasiiv

share our Colab notebooks with co-workers or friends, allowing them to comment on

m~roe T

our notebooks or even edit them. To learn more, see Overview of Colab. To create a
ew Colab notebook we can use the File meny above, or use the following link: create

a new Colab notebook. Colab notebooks are Jupyter notebooks that are hosted by
Colab.

As a developer, we can perform the following using Google Colab:

e Write and execute code in Python
Create/Upload/Share notebooks

e Import/Save notebooks from/to Google Drive

¢ Import/Publish notebooks from GitHub

s fmpor,t external datasets
e mtegrate PyTorch, TensorFlow, Keras, OpenCV
. F ree Cloud service with free GPU

12
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IR iR I PiritBigisavin e

any e \‘}!‘ﬂ““‘- I ACTE Aee i allows feeatins 1o WSl it Pk i IRty

language anst experience harriers [1]

AGUition waily, P'yithon sHPpPorts e use of mioilloes abid g Bacjis wiiieh i

that Programs can be ('it:)}_iiﬂ”t’;\l“i_ Y et ol bl\jlu EICL C0le: Can Bign reiisedd AEAeE

vanely of prajects. Onee a mocile o praclage (s ilt:;%.u;:lnin_;u] iy aii Gises

Hed for use in other Proects, and W's easy o inpion o el hese odijles
One of the Most promising heneflls af Fyihion s el Bt Hie standar

andg the !l’ﬂr‘?!‘pfﬁlfﬂ‘ are available flee of {?I]‘cﬂ!_]ti:.‘ TEREISIE lm’;my and souree farm T e

15 o exclusivity either, as Python and all the necessary (oals are available o aif i
platforms. Therefore, il is an entieing aplion for develapers whio o Want

[0y SRRy

about paying high development costs,

3.3 Dataset Collection

In this project, COCO dalasel is used o rain the modal. A data sel is a

collection of data. Deep Learning has bocome the OO e

thad for sobving (it

challenging real-world problems 121108 dafinitely by far the bt petfoning methiod

for computer vision tasks. The im: we above showensoes the power of deap loarming for

wmpu!u vision, With enough training, a deop nolworl o an segiment and den ntify the

Key points” of e very person in the image. These de P leaming machines that have

~ been working so  well need fuel lots of fuel that fuel s data  The
_-;'mwv label l@dc fata available, the better our model parforms. The adea of more data
!f“*dd!”(«l to i)t"{ti‘l per formanc ¢ hag o VO ht‘t‘l t-?}s{;\.l(’ﬁmfn'{ il a '.“-'!l"s}'t"‘--mf‘i-;‘ilt‘z by i’i"f"éi:lt‘:icglti‘* with | :

g dataset of 300 million images! When deploying a Deap Laaming model i real-world

- '.,;apphc“atmn data mu:zibx constantly fed Lo continue improving it }',’.‘x@-@s'f{in*i1’1-:4!‘%@72@11‘;?' ,fr"\,_a‘u,,,i;fijur -
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the deep learning era, datais very well arguably the most valuable re:—:-ami‘.rrc:s-:e, There are
three steps of collecting data :
e Scraping From the Web

Manually finding and downloading images takes a long time simply due to the

amouni of human work involved. The task probably has some kinds of commen abie

are to be detected. And so that becomes the keyword for web-scraping. 1t also becomes

the class name for that object [3]. Every single pixel in the image js required. To
those, it's best to use some really great image annotation tools that are already oy

4 3 2
rate the ¢

there. Given a rough set of polygon points around an object, can gene:

labels for segmentation. Deep extreme cut is also quite similar except they use only

the four extreme points around the object. This will then give some nice bounding box

and segmentation labels. Another option is to use an existing image annotation Glis.
e Third-party:

Since data has become such a valuable commodity in the deep learning er

( D
%

many start-ups have started to offer their own image annotation services they’ Il gath:
and label the data. Given g description of what kind of data and annotations needed
[13]. Mighty is one that has been doing self- driving car image annotation and has
become pretty big in the space were at CVPR 2018 too. Payment Al are less

Specialized than Mighty Al offering image annotation for any domain.

Figure 3.3 Dataset collect

4
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- CHAPTER 4
73«w§( RIPTION OF pp
4.1 EXIs TING ayYs T (B

i}{«} *«% 5_. yt»?!f

A 0N T 1 L P e
A gl guaity g

i ; b 4 seied ,
fanguags bt algo the nohress snd o sy [ } , at
1 tildd Lgt 1 £33, ! 3 i (& X
sEmantic o oap  behwoen wasn o and  anguans,  meed ey it
iy 1 T e e e e T T T SRCVINEUE T L et : Zuive o i b ; S i
approaches hal direcv eam the vroe madal mapping fram the vision in e latethte ot
are ool o et thitse two mguremants  sirmultaneagasly
i
}.‘.—

learning mechanism  we frace the genaraling 4
propose a novel 1

rext-Guided Generation and Refinemer
with assistance from the guide te
& selected from the training set according to the visual content simil ity

it (dubbed as TGGAR modea

2t to improve the quality of captions. The «

0 explore the salient objects and extend the candidate words. Specifically, we foiio
e encoder-decoder architecture, and design

TGRE) to leamn the

a Text-Guided Relation E
visual representation that is more consistent with huma
cognition. Besides, we divide the decoder part into two submodules: a Generatnr ¢

the primary sentence generation and a Refiner for the sentence refiner

e rmend
(i B8t ok i £ §

Generator, consisting of a standard LSTM and a Gate on Attention (GOA} mod

1S 10 generate the primary sentence logically and fluently. Refiner conts
encoder

JIHS a Cc‘i\:uu
r module, an attention-based LSTM and a GOA module, which iterative

modifies the details in the primary caption to make captions rich and accu

irate with

LR R

nelp of the guide text [11]. Extensive experiments on the MS COCO captioning dataset

- Gemonstrate that our framework with fewer parameters remains comparable to
transformer-based methods, and achieves state-of-

the-art performance compared
with cther relevant approaches.

k.»\-.,lk. i

4.2 QiSADVANTAGES OF EXISTING SYSTEM

&

Not real time applicable as the accuracy obtained in less

~* Using an attention-based LSTM it takes longer to train and require more
memory {o train. '

4.3*P_ROP’0$ED SYSTEM
"' n thi s pm}@c in order to deHl(dtL tt

}f‘falgomhm sum as efﬂuemmt f

e blind we will be using deep !t.,ammg
33 to captnon the | Image for th@ blmd person m Whut:h the
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blind can know about the object detection distance anc position of Hbject

achte\/ed by uwnq advanced image m\;mwwm techmoues imnplernarting effic mr it z:fﬂ"i,

algorithms and iolﬂ“‘“n“mm'! methods where the scenes with differant \._.‘-,igtﬁ,e,-,na; ars

learned by the machine Whenever an ””5‘*{-!?’" 18 captured via the camera are bean
recognized and predicted by the processor [24]. The major objects are alse
and the distances calculated from the camera After the praediction it !’57:"52'%?&5i sant 1o
the Alexa microphone which will send an audio autput to the user which can helo them
identify the distance and position of object. Thus, with the help of this project we nrevide
an artificial vision to the blind. which can help them gain confidence while raveting

alone.

4.4 ADVANTANGES OF PROPOSED SYSTEM

¢ Cheap and effective solution for the blind to become aware of the surroundings.
« Effective scene prediction model is developed.

* Provides an artificial vision to the visually challenged people.

4.5 SYSTEM ARCHITECTURE

VISUALLY CRALLENGED
CUSTOM SKILLSET AND LAMEDA

PROCESLING MOOULE

ALEXA MCROPHONE

Unl DATA
TRANMISSION

AWS Lambda
Amazon Alexa Workout Planner
Workout Planner Function
: Custom Skill NPT SCENE V14 CAMEI
RUTPUT THE GC;'."NE .T.O 3 4
A ’
THE ‘\LE@‘“&“’”"O“' § T PREDICT THE SCENE Sy IMAGE CAPTIONING

L vnamims Wi R T |
#5 COCO DRTASET COLLECTION L ALooRTHA fad :
o
i
i
i
|

TORERZATION Fuk

EXTRACTHG TEAT

; 'zmuuuumw
. vsTaNCT oF S OUTPUY THE RESULTS SR U wootuFi e
R oy  RESLURTS SR B d ! 3 I SEUT LG S0K
B OBIRET. - : WITH ART EAP OIS FROUESE MMESRENE £ oess] S iemionom 1 ¥ WY Ve RhRRE
| FOSTION 0F s i i v
ey

Figure 4.1 Proposed System Architecture
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- 4.6 WORKING
- In this project in arder to f.i"if“;lmmr:-! the: blind we have develop an artificial vision
gystem with the help of deep leaming technigues: Initially COCO dataset is collected
to "{é":;tm the model, betore training the model pre-processing of dataset is done so that
the vdm:a&eét can be directly applied 1o the deep Learning algorithms for further
processes. ,f\iiw}pr@zg‘)rc;ncx.é.:»‘-:smn;,z leature extraction in done using efficientnat algorithm,
Once the feature extraction is completed the model is trained using RNN algorithm

Recurrent neural networks (RNN) are the state-of-the-art algorithm for sequential data

and are used by Apple's Siri and Google's voice search [10]. Itis the first algorithim that
- remembers its input, due to an internal memory, which makes it perfectly suited for

machine fearning problems that involve sequential data.

Itis one of the algorithms behind the scenes of the amazing achievements seen

in deep learning over the past few years. After training the model it will be integrated

s

4

'

with the Alexa device for developing its skills and recognizing the surrounding
movements. Finally, whenever the user wants to know about the surrounding
movements, they can ask Alexa to recognize what is happening around by saying any

predefined keyword, so that Alexa can start recognizing the surrounding movements

[9]. The major objects are also predicted and the distances calculated from the camera.

This is achieved by using advanced image captioning techniques learned by the modet.
Whenever an image is captured via camera, the scenes are recognized and predicted

by the machine. After the prediction, itis been sent to the Alexa microphone which will

send an audio output to the user which can help them identify the distance and position

of object. Thus, with the help of this project we provide an artificial vision to the blind,

which can help them gain confidence while travelling alone.
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