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ABSTRACT

With the advancement in deep learning, the consolidation of text classification and
image processing has agitated enormous scrutiny in the past years. Captioning
images are advanced research mainly in the field of computer vision. ldentification
of relevant items, their properties, and their connection to images is required for
image captioning. This image captioning is a complex and challenging task, several
developments are done in this field by researchers. But now, Technology can
develop a model that can bring out the closest text or captions explaining an image
because of the advancement in deep learning methodologies and the enormous
amounts of data that is available. In the beginning, it was contemplated impractical
that a computer could characterize an image. Even, NVIDIA is developing an app
to assist persons with limited or no vision using image captioning technology. The
main aim of this project is to develop a model such that it can predict the closest text
or caption to that particular image. This analysis can be done by utilizing deep
learning methods as these methods are efficient for handling the complexity
involved in image captioning. So, this project intends to build a model that predicts
captions or labels from images by using deep learning models. The VGG16
architecture is employed in this research for the prediction and generation of
captions for the images and this analysis can be compared with other deep learning

frameworks such as LSTM or CNN to observe the performance of the model.
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CHAPTER -1
INTRODUCTION

1.1 GENERAL INFORMATION:

The topic of autonomously producing eloquent words or captions for images has
piqued significance in the research area of computer vision along with Natural
Language Processing in recent years. Computer vision has made substantial
advances in the field of image processing in recent years, such as image
categorization and object identification. The development of characterizing the
content of an image is referred to as image captioning. Encoder-Decoder
architectures are generally used in image captioning methods, with vectors of
images as input to the encoder. Image captioning is a key activity that necessitates
a semantic comprehension of images as the capacity to generate accurate and
precise descriptions for images. Nowadays, Image captioning is a relatively new and
rapidly increasing research area. Several new approaches are being launched on
daily basis to attain satisfying outcomes in this research field. Image Captioning is
a new demanding topic that has newly gained considerable attention. Visual
Captioning is a crucial endeavor for bettering the human-computer synergy and
gaining a better grasp of the principles that underpin human image characterization.
Captioning images may be thought of as a whole process. The process is known as
Sequence-to Sequence Process because it translates images, which are
considered to be a sequence of pixels, into the sequence of sentences or words.
The primary goal of this captioning of images is to create a natural language
description for an input image that is given to the model. In this analysis, we
introduced a model that provides the characterization of an image using natural
language processing. And the features are extracted using neural networks from
different architectures such as CNN and LSTM. Finally, text generation was done

by utilizing these architectures.



1.2 DEEP LEARNING

Deep learning is based on the branch of machine learning, which is a subset of
artificial intelligence. Since neural networks imitate the human brain and so deep
learning will do. In deep learning, nothing is programmed explicitly. Basically, it is a
machine learning class that makes use of numerous nonlinear processing units so
as to perform feature extraction as well as transformation. The output from each

preceding layer is taken as input by each one of the successive layers.

Deep learning models are capable enough to focus on the accurate features
themselves by requiring a little guidance from the programmer and are very helpful
in solving out the problem of dimensionality. Deep learning algorithms are used,

especially when we have a huge no of inputs and outputs.

Since deep learning has been evolved by the machine learning, which itself is a
subset of artificial intelligence and as the idea behind the artificial intelligence is to
mimic the human behavior, so same is "the idea of deep learning to build such

algorithm that can mimic the brain".

Deep learning is implemented with the help of Neural Networks, and the idea behind
the motivation of Neural Network is the biological neurons, which is nothing but a

brain cell.

Types of Deep Learning Networks

1. Feed Forward Neural Network

A feed-forward neural network is none other than an Artificial Neural Network, which
ensures that the nodes do not form a cycle. In this kind of neural network, all the
perceptron’s are organized within layers, such that the input layer takes the input,
and the output layer generates the output. Since the hidden layers do not link with
the outside world, it is named as hidden layers. Each of the perceptron’s contained
in one single layer is associated with each node in the subsequent layer. It can be
concluded that all of the nodes are fully connected. It does not contain any visible

or invisible connection between the nodes in the same layer. There are no back-
2



loops in the feed-forward network. To minimize the prediction error, the

backpropagation algorithm can be used to update the weight values.

2. Recurrent Neural Network

Recurrent neural networks are yet another variation of feed-forward networks. Here
each of the neurons present in the hidden layers receives an input with a specific
delay in time. The Recurrent neural network mainly accesses the preceding info of
existing iterations. For example, to guess the succeeding word in any sentence, one
must have knowledge about the words that were previously used. It not only
processes the inputs but also shares the length as well as weights crossways time.
It does not let the size of the model to increase with the increase in the input size.
However, the only problem with this recurrent neural network is that it has slow
computational speed as well as it does not contemplate any future input for the

current state. It has a problem with reminiscing prior information.

3. Convolutional Neural Network

Convolutional Neural Networks are a special kind of neural network mainly used for
image classification, clustering of images and object recognition. DNNs enable
unsupervised construction of hierarchical image representations. To achieve the
best accuracy, deep convolutional neural networks are preferred more than any

other neural network.

4. Restricted Boltzmann Machine

RBMs are yet another variant of Boltzmann Machines. Here the neurons present in
the input layer and the hidden layer encompasses symmetric connections amid
them. However, there is no internal association within the respective layer. But in
contrast to RBM, Boltzmann machines do encompass internal connections inside

the hidden layer. These restrictions in BMs helps the model to train efficiently.

5. Autoencoders
An autoencoder neural network is another kind of unsupervised machine learning
algorithm. Here the number of hidden cells is merely small than that of the input

cells. But the number of input cells is equivalent to the number of output cells. An
3



autoencoder network is trained to display the output similar to the fed input to force
AEs to find common patterns and generalize the data. The autoencoders are mainly
used for the smaller representation of the input. It helps in the reconstruction of the
original data from compressed data. This algorithm is comparatively simple as it only

necessitates the output identical to the input.

Deep learning applications

Self-Driving Cars

In self-driven cars, it is able to capture the images around it by processing a huge
amount of data, and then it will decide which actions should be incorporated to take
a left or right or should it stop. So, accordingly, it will decide what actions it should

take, which will further reduce the accidents that happen every year.

Voice Controlled Assistance

When we talk about voice control assistance, then Siri is the one thing that comes
into our mind. So, you can tell Siri whatever you want it to do it for you, and it will
search it for you and display it for you.

Automatic Image Caption Generation

Whatever image that you upload, the algorithm will work in such a way that it will
generate caption accordingly. If you say blue colored eye, it will display a blue-
colored eye with a caption at the bottom of the image.

1.3 PROBLEM STATEMENT

Our analysis is to enhance text for image data by inspecting various Deep learning
and NLP techniques to create an authentic model that is adequate of detecting
analysis of text for image data. Following that, an analysis was done the in-literature
survey establish the enhancing technologies that would aid in the development of
the application and the modeling of our architecture for the prediction of captions.
The algorithm will take images from test data and predict the text for that particular
image. Our Intention was to develop a model that can predict the text for images

given to our model.



CHAPTER -2
LITERATURE SURVEY

The authors in this study come up with a hybrid system that utilizes an architecture
called Multi-layer Convolutional Neural Network (CNN) to produce vocabulary to
characterize an image and utilize other architecture known as Long Short-Term
Memory (LSTM) to precisely form substantial sentences utilizing the stemming
words. Image captioning is a key activity that necessitates a semantic
comprehension of images as the capacity to generate accurate and precise
descriptions for images. Generally, producing comprehensive and instinctive image
characterization has a wide range of applications including captions for news
images, characterization of images in the field of medical analysis, text-based image
retrieval, Instructions for blind people, and communication between humans and
robots. The concept is established on the detection of objects and actions that must
be taken in the image given to the model. Vectors derived from images collected for
object detection are utilized in the most effective methods. It is a difficult issue to
unquestionably generate a characterization for an image by utilizing the approaches
of natural language processing. The observation from the survey, it reveals that this
analysis was also done by utilizing transformers which extends this object relation
transformer technique by decidedly adding content about the dimensional
connection among input recognized items by utilizing geometric attention. From the
previous papers, it is observed that CNN is utilized to interpret visual information
and locate objects in an image, whereas RNN or LSTM is utilized to generate
descriptions for images. The study of analytical methods and processes that are
applicable for processing technigues such as Machine learning, Natural language
processing, and even deep learning. Captioning images is advanced research
mainly in the field of computer vision. The main vision of this project is to create a

model such that it can forecast the closest text or caption to that particular image.



2.1 Inferences from Literature Survey

Paper 1: Image Captioning - A Deep Learning Approach
Conference: International Journal of Physics: Conference Series
Year: 2021
Basic Theory: In this analysis, authors proposed the usage of CNN to generate text
describes the images.
Methodology:
Here, Analysis was done by using 2 algorithms.
e CNN was used to generate vocabulary for images.
e Then, they have used LSTM to accurately structure meaningful sentence
using the generated words from CNN.
Weakness:
In this paper, we have observed that they didn't mention effectiveness of algorithm

they have used for prediction of captions.

Paper 2: Image Captioning Transforming objects into words
Conference: International Journal of Applied Sciences
Year: 2020
Basic Theory: In this work, they have introduced an object relation transformer, that
helps to find relation between the images
Methodology:
e They found relation between input objects through geometric attention by
using object related transformer.
e They demonstrated usefulness of geometric attention and by this they have
improved captions or text for images.
Weakness:
Here, they have used only transformers for analysis. It's better to compare and try
it with another algorithm like LSTM, RNN's.

Paper 3: An Integrative Review of Image Captioning Research
6



Conference: International Conference on Advances in Neural Information
Processing Systems
Year: 2019
Basic Theory: This paper investigates and analyses the related research of image
captioning.
Methodology:
e This paper introduces existing image captioning methods and analyzed their
principles.
e Although, they are existing, here they have improved accuracy or predictions
to certain extent.
Weakness:
Since it is a review paper, there are no weaknesses in the paper as they have

mentioned all techniques in detail.

Paper 4: Text Augmentation using BERT for Image Captioning
Conference: International Conference on Electronic Information Technology and
Computer Engineering (EITCE 2018)
Year: 2018
Basic Theory: In this paper Analysis methods include augmentation with synonyms
as baseline model called BERT (Bidirectional Encoder Representation from
transformers.
Methodology:
e Analysis was done using BERT
e Here, synonyms augmentation was done to obtain new caption based on
existing one.
Weakness:
They have mentioned in conclusion that they used BLEU algorithm but they didn't

mention that technique in paper.

Paper 5: Image Captioning based on Deep-Neural Networks

Conference: International Journal of Applied Engineering Research
7



Year: 2018

Basic Theory: In this analysis was done by utilizing image captioning methods
using deep learning frame works such as CNN and RNN frame work.
Methodology:

e They have compared model with efficient frame works like CNN and RNN.

e They have used evaluation metrices such as METEOR to compare results
Meteor metric was primarily used in the Machine Translation literature.
Checkout our article giving an overview of techniques for machine translation
to get a better understanding of the translation application.

Weakness:
This can be further extent to application of image visualization and visual question

answering (VOA) that has important academic and practical application value.

2.2 Open problems in Existing System

Despite significant progress in image captioning, there are still some open problems
in existing systems. Here are a few examples:

e Improving the Quality of Captions: Despite the significant advances in image
captioning, the quality of captions generated by existing models still varies
greatly. Improving the quality of captions is an ongoing challenge, as it
requires the development of more effective language models that can better
understand the nuances of human language.

e Generating diverse and creative captions: Most image captioning systems
generate relatively simple and descriptive captions that describe the content
of the image. However, generating diverse and creative captions that go
beyond simple descriptions remains a challenge.

¢ Handling rare or unseen objects and scenes: Image captioning systems often
struggle with rare or unseen objects or scenes that are not well-represented
in the training data. Improving the ability of these systems to handle novel or
rare concepts would improve their usefulness in real-world applications.

e Incorporating commonsense knowledge: Image captioning systems typically

lack common sense knowledge, which can lead to captions that are logically
8



inconsistent or implausible. Incorporating commonsense knowledge could
improve the quality and coherence of generated captions.

e Dealing with multiple objects and relationships: Image captioning systems
often struggle with describing relationships between multiple objects in an
image, particularly when they are not visually salient. Improving the ability of
these systems to handle multiple objects and relationships would enable
more detailed and nuanced captions.

e Multimodal understanding: Image captioning systems often rely solely on
visual information to generate captions, but incorporating other modalities
such as audio or text could improve their ability to generate more accurate
and informative captions.

e Improving efficiency: Many image captioning models are computationally
expensive and require significant resources to train and run. Developing
more efficient models that can be trained and run on standard hardware
would make image captioning more accessible and scalable.

e Context and Common-Sense Understanding: Image captioning models
sometimes fail to capture the context and common sense of the scene,
leading to inaccurate or nonsensical captions. Developing models that can
better understand the context and common sense of the scene to generate
more meaningful captions is another open problem.

e Evaluation Metrics: There is no consensus on the evaluation metrics used to
measure the performance of image captioning models. Developing more
effective evaluation metrics that better reflect the quality of captions

generated by the models is an ongoing challenge.

Overall, image captioning is a complex problem that requires the integration of
multiple technologies such as computer vision, natural language processing, and
deep learning. Addressing these open problems will require continued research and

innovation to improve the quality and accuracy of image captioning systems.



CHAPTER 3
REQUIREMENT ANALYSIS

3.1 FEASIBILITY STUDIES/RISK ANALYSIS OF THE PROJECT

Feasibility studies of image captioning have shown that it is a promising and viable

approach for automatically generating captions for images. Here are some key

findings from feasibility studies:

Image captioning is feasible for a wide range of applications: Image
captioning has been applied to a variety of applications, including image
search, image retrieval, and assisting visually impaired individuals. These
studies have demonstrated the feasibility and effectiveness of image
captioning for these applications.

Image captioning can achieve human-level performance: In some studies,
image captioning systems have been shown to achieve performance that is
comparable to or even better than human-generated captions. For example,
the top-performing systems on benchmark datasets such as MS COCO have
achieved scores that are close to or exceed human performance on some
evaluation metrics.

Image captioning can be improved with better training data: Feasibility
studies have shown that image captioning systems can be improved with
better training data. This includes larger and more diverse datasets, as well
as datasets that include captions that go beyond simple descriptions of the
image content.

Image captioning can benefit from multimodal information: Some studies
have shown that incorporating other modalities such as audio or text can
improve the quality and accuracy of generated captions. For example, using
audio descriptions of images in addition to visual information has been shown
to improve the quality of generated captions for visually impaired individuals.
Image captioning has potential for real-world applications: Feasibility studies
have demonstrated the potential for image captioning to be used in real-world
applications such as assisting visually impaired individuals and improving

image search and retrieval. These studies suggest that image captioning has

10



significant practical value and can have a positive impact on people's lives.
Overall, feasibility studies of image captioning have shown that it is a promising
approach with significant potential for a wide range of applications. However, there
are still challenges to be addressed, such as generating diverse and creative

captions and handling rare or unseen concepts.

3.2 DATA SET

Due of each order's unique personality, the records each contain something unique.
This report was carried out using a variety of information sources, including data
generation, text capture information, picture information, pixel information photos,
Resnet embeddings, and so on. This analysis was done using a sizable image
collection made available via the cloud of the Wikimedia Foundation. Several
languages are used to analyses these statistics. There are 79 or so languages.
Using pre-processing techniques and photograph assessment processing, the
statistics are assessed in natural language and processed for both text and images.

language | page URL Page Title | Section Title

en | https:/lenwikipedia.org/wiki/Silverspoon | Silver spoon | Historical
Uses

Zh-TW | htps:/zh wikipedinorgwiki9Tkita- (2t | RERA
sendal-staion

Table I. Training Data

Mime-Type | Caption reference height | width | Is main page
Image/peg | Two  silver-giltstraimerspoons | [19% | 2139 | false

on the table
Imagepeg |54 12| 816 | tme

Table Il. Training Data

11



[d | Image URL
0| htps:/fuplaod wikimedia.org wikipedia/scotsGGaelicspeakers 01 Leesnus pog

I htps:upload wikimedia.org/wikipedia ThermopylaeAncientooastlng. g

Table Ill. Test Data

Captions
Albert Pike [SEP] Albert Pike
Anna Blount [SEP] Blouat and her young deughter, in 1911

Table IV. Caption Data

Figure 3.1. Sample images Data set

3.3 SOFTWARE AND HARDWARE REQUIREMENTS SPECIFICATION
DOCUMENT

Software Requirements

* Operating System : Windows

* Tool : Google Collab
Hardware Requirements

» Processor : Pentium IV/II

» Hard disk : minimum 80 GB

* RAM : minimum 2 GB

12



CHAPTER 4
DESCRIPTION OF PROPOSED SYSTEM

4.1 SELECTED METHODOLOGY / PROCESS MODEL

The analysis and perceptions of data were done in two phases. In Phase-l,
Deep learning models such as LSTM, VGG16 are utilized for training data and
to predict captions for the test data. And in Phase-ll, this was developed for
further improvements and this project got deployed using Heroku and VS
Code. Deep Learning is one of the most quickly evolving and explored fields
of analysis that is permeating day-to-day life. It is commonly the development
of neural networks by utilizing high-end contemporary frameworks. It enables
the advancement of training and the application of considerably bigger neural
networks than heretofore. Researchers have recommended hundreds of
different kinds of particular neural networks as improvements or changes to
the current models. CNN is most well-known. In this analysis, the model is
developed such that text processing is done by utilizing Natural Language
Processing and pre trained models such as Xception are used to extract
features from the images, and then they are fed further into LSTM, for
generating captions for the test data. By utilizing LSTM, captions for test data
are predicted. After all the analysis Results are compared by using the BLEU

score, and this project got deployed by utilizing Heroku.

13



4.2 ARCHITECTURE/OVERALL DESIGN OF PROPOSED SYSTEM

J Model Architecture
Image Captioning Using deep Learning Methods

CNN Implemented
{Utilized VGG 16 and NLTK using Keras
Xcaption pre-trained {Data Pre-Processing and and Tensor

model to identify objects I 'gs;;m)"“ flow in python

for images)

Generating
Caption to
input image
that is given

Wikipedia Image Data Set
Figure 4.1 - Model Architecture of our Project

4.3 DESCRIPTION OF SOFTWARE FOR IMPLEMENTATION AND TESTING
PLAN OF PROPOSED MODEL/ SYSTEM

One of the dominant steps while interacting with data is exploring data by utilizing
data pre-processing techniques. This is one of the most important steps to
process the data before giving it to any model for training. It was difficult to
choose the data for training the model as it has huge data for test and training
such as image data, text data and captions data. In training data each image has
5 captions that are closest to the image. Each 5 represents the image in a unique
way. There was a challenge in deciding which data to utilize to train the model for
getting efficient results as there is more than one data set to accomplish our aim.
Here, this pre-processing analysis was done by using different kinds of plots such
as tree-maps using sqaurify, bar graphs and image processing was done by scaling
the images and flattening them and text processing was done by using NLP

(Natural Language Processing) techniques such as Lowering the text, stop words
14



removal, tokenizing the text, and so on.

Tree-Map: This is used to predict data by nesting rectangles of varied sizes
together. The size of Each rectangle is comparable to the quantity of data it
performs as a percentage of the total. This is a visualization technique used to
divide parameters into subparts. It can assist in seeing how individuals’ values
combine to form an entire data. Data is frequently analyzed in the form of chunks
of input data, with distinct parameters with respect to the various approaches of the
data. There are various kinds of attributes in tree map such as values, text info, path

bar, branch values etc.

Tokenization: The initial stage in the Natural Language Processing pipeline
IS tokenization. It has a significant impact on the remainder of the
architecture. This can be accomplished in words or sentences. This is the most
frequently utilized techniqgue in any NLP Problem statement. It divides
sentences into a piece of words. Tokenizer divides the data and text into

characterization bits that may be thought of as separate parts.

Figure 4.2 - Tree Map

The above figure interprets that out of 79 languages English and French are

the most used data.
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From fig 4.3, Results interprets that they are the top most 50 frequent words of data

after doing text pre-processing technigues such as stemming, tokenization.

WikiMedia Image Dataset Language Distribution
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Figure 4.4- A bar graph showing Language Distribution

Fig 4.4, shows the language distribution of the data set. And it is

observed that English is most utilized language.

16



Tor. Best

(:IEE de la

Actor 1n

Figure 4.5- Word Cloud for Page Title

These are some data analysis techniques concerning text training data and text

data.

Apart from the text and training data processing, analysis was done even on image
data such as re-sizing, flattening the image, and scaling it to pixels (Normalization).
These processing techniques are done on images because we cannot just feed an

image directly to a model without doing pre-processing on images.

Flattening: This is a method utilized to disciple multidimensional array to 1-D
array. It's usually utilized in training deep learning tasks while giving input 1 -D
array for classification models. This is done because multidimensional arrays
utilize more memory arraysl-D array. To save time and complexity while
dealing with large data sets, flattening is one of the processing should be

performed on images before training the model.

Normalization (Scaling to pixels): This is a technique in image analysis that
adjusts the pixel’s range. The intention behind this is to adjust an image to its
intensity values so that analysis will be efficient. It's the function that will result

in the normalization of the input image that can be RGB or Grey scale.
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Figure 4.6 - Image analysis corresponding to the Page title

From Figure 4.6, it is anticipated that results are corresponding to page title after

performing image processing techniques on image data.
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Figure 4.9 - Graph related to Image dimensions
This interprets the dimensions of images corresponding to height and width.

4.4 PROJECT MANAGEMENT PLAN
A project management plan for an image captioning project using CNN and LSTM
models can be:

e Define the objectives, scope, and goals of the project. Develop a project plan
that includes a project scope statement, schedule, and risk management
plan.

e Develop and train the CNN and LSTM models using image and caption data.
Optimize the models for accuracy and efficiency.

e Test the models using a validation dataset. Develop a user interface for the
image captioning system. Monitor and control the project progress by
tracking the project schedule. Identify and address any issues or risks that
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may affect the project.

¢ Revise the project plan as necessary to ensure that the project stays on track.
Complete the project and evaluate the project's success and identify areas
for improvement. Document the lessons learned and best practices for future

reference.

Image Captioning from
Wikipedia

Acquiring the required
data

/

Understanding the data

and pre-processing Presenting results

Identifying the best
model for training (LSTM,
CNN)

Hyper-tuning the model

Figure 4.10 — Project Management Plan

An effective project management plan for an image captioning project using CNN
and LSTM models should focus on quality, accuracy, and usability of the image

captioning system.
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CHAPTER -5
IMPLEMENTATION DETAILS

5.1 DEVELOPMENT AND DEPLOYMENT SETUP

The analysis and perceptions of data were done in two phases. In Phase-Il, Deep
learning models such as LSTM, VGG16 are utilized for training data and to predict
captions for the test data. And in Phase-ll, this was developed for further
improvements and this project got deployed using Heroku and VS Code. Deep
Learning is one of the most quickly evolving and explored fields of analysis that is
permeating day-to-day life. It is commonly the development of neural networks by
utilizing high-end contemporary frameworks. It enables the advancement of training
and the application of considerably bigger neural networks than heretofore.
Researchers have recommended hundreds of different kinds of particular neural
networks as improvements or changes to the current models. CNN is most well-
known. In this analysis, the model is developed such that text processing is done by
utilizing Natural Language Processing and pretrained models such as Xception are
used to extract features from the images, and then they are fed further into LSTM,
for generating captions for the test data. By utilizing LSTM, captions for test data

are predicted. After all the analysis Results are compared by using the BLEU score

5.2: ALGORTHIMS

CNN: A convolutional neural network (CNN or convnet) is a subset of machine
learning. It is one of the various types of artificial neural networks which are used
for different applications and data types. A CNN is a kind of network architecture for
deep learning algorithms and is specifically used for image recognition and tasks

that involve the processing of pixel data.

There are other types of neural networks in deep learning, but for identifying and
recognizing objects, CNNs are the network architecture of choice. This makes them

highly suitable for computer vision (CV) tasks and for applications where object
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recognition is vital, such as self-driving cars and facial recognition.

Artificial neural networks (ANNSs) are a core element of deep learning algorithms.
One type of an ANN is a recurrent neural network (RNN) that uses sequential or
time series data as input. It is suitable for applications involving natural language

processing (NLP), language translation, speech recognition and image captioning.

The CNN is another type of neural network that can uncover key information in both
time series and image data. For this reason, it is highly valuable for image-related
tasks, such as image recognition, object classification and pattern recognition. To
identify patterns within an image, a CNN leverages principles from linear algebra,

such as matrix multiplication. CNNs can also classify audio and signal data.

A CNN's architecture is analogous to the connectivity pattern of the human brain.
Just like the brain consists of billions of neurons, CNNs also have neurons arranged
in a specific way. In fact, a CNN's neurons are arranged like the brain's frontal lobe,
the area responsible for processing visual stimuli. This arrangement ensures that
the entire visual field is covered, thus avoiding the piecemeal image processing
problem of traditional neural networks, which must be fed images in reduced-
resolution pieces. Compared to the older networks, a CNN delivers better

performance with image inputs, and also with speech or audio signal inputs.

A deep learning CNN consists of three layers: a convolutional layer, a pooling layer
and a fully connected (FC) layer. The convolutional layer is the first layer while the
FC layer is the last.

This stands for Convolution Neural Network where Image data is mapped to a target
variable. They have proven to be successful in that they are now the techniques of
choice for any form of prediction issue utilizing data as an input to the model. CNN
is a multi-layered feed-forward neural network that is built by layering several hidden
layers on top of one another in a certain sequence. These layers are frequently
outlawed by several layers in CNN, while activation layers are usually enhanced by

layers in the convolutional network.
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From the convolutional layer to the FC layer, the complexity of the CNN increases.
It is this increasing complexity that allows the CNN to successively identify larger
portions and more complex features of an image until it finally identifies the object
in its entirety.

Convolutional layer. The majority of computations happen in the convolutional layer,
which is the core building block of a CNN. A second convolutional layer can follow
the initial convolutional layer. The process of convolution involves a kernel or filter
inside this layer moving across the receptive fields of the image, checking if a feature
IS present in the image.

Over multiple iterations, the kernel sweeps over the entire image. After each
iteration a dot product is calculated between the input pixels and the filter. The final
output from the series of dots is known as a feature map or convolved feature.
Ultimately, the image is converted into numerical values in this layer, which allows

the CNN to interpret the image and extract relevant patterns from it.

Pooling layer. Like the convolutional layer, the pooling layer also sweeps a kernel
or filter across the input image. But unlike the convolutional layer, the pooling layer
reduces the number of parameters in the input and also results in some information
loss. On the positive side, this layer reduces complexity and improves the efficiency
of the CNN.

Fully connected layer. The FC layer is where image classification happens in the
CNN based on the features extracted in the previous layers. Here, fully connected
means that all the inputs or nodes from one layer are connected to every activation

unit or node of the next layer.

All the layers in the CNN are not fully connected because it would result in an
unnecessarily dense network. It also would increase losses and affect the output

guality, and it would be computationally expensive.

A CNN can have multiple layers, each of which learns to detect the different features
of an input image. A filter or kernel is applied to each image to produce an output

that gets progressively better and more detailed after each layer. In the lower layers,
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the filters can start as simple features.

At each successive layer, the filters increase in complexity to check and identify
features that uniquely represent the input object. Thus, the output of each convolved
image -- the partially recognized image after each layer -- becomes the input for the
next layer. In the last layer, which is an FC layer, the CNN recognizes the image or

the object it represents.

With convolution, the input image goes through a set of these filters. As each filter
activates certain features from the image, it does its work and passes on its output
to the filter in the next layer. Each layer learns to identify different features and the
operations end up being repeated for dozens, hundreds or even thousands of
layers. Finally, all the image data progressing through the CNN's multiple layers

allow the CNN to identify the entire object.

Deep learning is a subset of machine learning that uses neural networks with at
least three layers. Compared to a network with just one layer, a network with multiple
layers can deliver more accurate results. Both RNNs and CNNs are used in deep

learning, depending on the application.

For image recognition, image classification and computer vision (CV) applications,
CNNs are particularly useful because they provide highly accurate results,
especially when a lot of data is involved. The CNN also learns the object's features
in successive iterations as the object data moves through the CNN's many layers.
This direct (and deep) learning eliminates the need for manual feature extraction

(feature engineering).

CNNs can be retrained for new recognition tasks and built on preexisting networks.
These advantages open up new opportunities to use CNNs for real-world

applications without increasing computational complexities or costs.

As seen earlier, CNNs are more computationally efficient than regular NNs since
they use parameter sharing. The models are easy to deploy and can run on any

device, even smartphones.
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Figure 5.1 - Overview of Architecture

Figure 5.1, it shows the Architecture of the model how each layer contributes to the

model.

o Iittle girl in a pink dress going into a wooden cabin
a Intle girl climbxng the stairs to her playhouse

a little girl climbing into & wooden playhouse

a girl going into a wooden buliding

& child in a pink dress is climbing up a set of stairs iIn an entry way

two dogs on pavement moving toward each other
two dogs of different breeds looking at each other on the road
a black dog and a white dog with brown spots are staring at each other in the street

d black dog and a tri-colored dog playing with each other on the road

a black dog and a spotted dog are fighting

Figure 5.2 - Training phase results
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Prediction of captions for images was analyzed in three phases in this model

architecture Feature Extraction for images, Sequence Processor and Decoder.

Feature Extraction: This is done by using pre-trained models such as Xception and

VGG16. This is known as transfer learning.

Sequence Processor: This acts as an embedding layer, by interacting with the

text data. This contains disciples for extracting text's needed characteristics.

Decoder: This is the concluding phase that utilized advancement techniques to
merge image extractor with sequence processor, which is passed to neuron and

ultimately for final output phase.

Xception: This is a pre-trained model that has 36 layers that permit it to learn
quickly. These are given to the LSTM layer after being developed by a dense layer
to provide 2048 vector enhancement of the image. This model is pre-trained on huge
data and extracts features from this analysis to utilize them with current problem
statement analysis. This has trained on image net data that has 1000 various kinds
of images for categorization and this model can be loaded directly from applications
of Keras. As this model is purely trained on image net data, we have done changes
when anticipating this model. Xception is a type of convolutional neural network
(CNN) that was introduced by Francois Chollet in 2016. It is a variant of the Inception
architecture, which is known for its effectiveness in image classification tasks. The
name "Xception" is derived from "Extreme Inception”, as it uses an "extreme"
version of the Inception module. In image captioning, Xception is often used as a
feature extractor to extract image features from the input image. The extracted
features can then be fed into a recurrent neural network (RNN) such as LSTM to
generate a caption for the image. Xception has been shown to be effective in
improving the accuracy of image captioning models compared to other CNN
architectures such as VGG16 and ResNet.

Overall, Xception is a powerful CNN architecture that has been shown to be effective

in a wide range of computer vision tasks, including image captioning.

27



Model: “vgglé®

Layer (Lype)

Output
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BMAMdddia8daUus80U54U2433323382343080385125223343838353383808080uas

{(None, 228, 224, 3))

input_1 (InputLayer)
blockl_convl (Conv2D)
blockl _conv2 (ConvdD)
~bleckl pool (MaxPoolinglD)
block_convl (ConvaD)
bluck2 _conv? (ConvlD)
Block2_pool (MaxPoollng0)
blockd _convl (ConvlD)
block) _convd (Conv2D)
blockd_convl (ConvaD)
blockd_poul (MaxPoolingad)
blockd_convl (ConvaD)
blockd_convd (ConviD)
blockd_convd (ConviD)
blockd_pool (MaxPoolingD)
blocks_convl (ConvaD)
blocks_convd (Conv2D)
blockS_convd (ConvaD)
bleck_pool (MaxPoolinglD)
#latten (Flatten)

#c1 (Dense)

#c2 (Dense)

predictions (Dense)
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Figure 5.3 - Results from VGG16
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Figure 5.4 - Model Architecture of Xception Model

Here, From Figure 5.4, input 3 is the input of the Pretrained model.




Model: "model”

Layer (type) output Shape Param #
input_1 (InputLayer) [(none, 224, 224, 3)] 2]
blocki_convl {(Conva2D) (None, 224, 224, 54) 1792
blockl_conv2 {ConvaD) (Nene, 224, 224, &4) 36928
blocki_pocl (MaxPooling2D) (Nene, 112, 112, 64) a
block2_cenvl {Conv2D) (None, 112, 112, 128) 73856
block2_conv2 {(ConvaD) (None, 112, 112, 128) 147534
block2_pocl (MaxPcoling2D) (Nene, 56, 55, 128) 2]
block3_convl {Conv2D) (None, 56, 56, 255) 295168
block3_cenv2 {Conv2D) (None, 56, 56, 256) 592esa
block3_conv2 {(Conv2D) (Nene, 56, 56, 256) 592238
block3_pocl (MaxPooling2D) (None, 28, 28, 256) 2]
block4_convl {Conv2D) (nNone, 28, 28, 512) 1182168
block4 _conv2 {Conv2D) (None, 28, 28, 512) 2359808
block4_conv3 {Conv2D) (None, 28, 28, 512) 2259308
block4_pocl (MaxPooling2D) (None, 14, 14, 512) 2]
blockS_convl {Conv2D) (nNone, 14, 14, 512) 2359808
block5_conv2 {Conv2D) (None, 14, 14, 512) 2359808
block5_conv3 {Conv2D) (Nene, 14, 14, 512) 23593088
blockS_pocl (MaxPooling2D) (MNone, 7, 7, 512) 2]
flatten (Flatten) (None, 25088) 2

fcl {Dense) (None, 48%6) 182764544
fc2 (Dense) (Nene, 4896) 16781312
predictions (Dense) (None, 1900) 4097000

Total params: 138,357,544

Trainable params: 138,357,544

Nen-trainable params: @

Figure 5.5 - Further Architecture of our Model
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LSTM: LSTM is a kind of recurrent neural network. In RNN output from the last step
is fed as input in the current step. LSTM was designed by Hochreiter & Schmid
Huber. It tackled the problem of long-term dependencies of RNN in which the RNN
cannot predict the word stored in the long-term memory but can give more accurate
predictions from the recent information. As the gap length increases RNN does not
give an efficient performance. LSTM can by default retain the information for a long
period of time. It is used for processing, predicting, and classifying based on time-
series data. Long Short-Term Memory (LSTM) is a type of Recurrent Neural
Network (RNN) that is specifically designed to handle sequential data, such as time
series, speech, and text. LSTM networks can learn long-term dependencies in
sequential data, which makes them well suited for tasks such as language

translation, speech recognition, and time series forecasting.

A traditional RNN has a single hidden state that is passed through time, which can
make it difficult for the network to learn long-term dependencies. LSTMs address
this problem by introducing a memory cell, which is a container that can hold
information for an extended period. The memory cell is controlled by three gates:
the input gate, the forget gate, and the output gate. These gates decide what
information to add to, remove from, and output from the memory cell. The input gate
controls what information is added to the memory cell. The forget gate controls what
information is removed from the memory cell. And the output gate controls what
information is output from the memory cell. This allows LSTM networks to selectively
retain or discard information as it flows through the network, which allows them to
learn long-term dependencies. LSTM stands for Long Short-Term Memory. Here,
the CNN model is utilized to get features from images with the help of VGG16-
Xception models, which are then input to the architecture of LSTM, which generates
the captions for data. This is known as the CNN-LSTM model is primarily developed

for the prediction issues involving inputs like images and video captures.

LSTMs can be stacked to create deep LSTM networks, which can learn even more

Fig
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Figure 5.6 — Structure of LSTM

complex patterns in sequential data. LSTMs can also be used in combination with
other neural network architectures, such as Convolutional Neural Networks (CNNs)
for image and video analysis.

LSTM has a chain structure that contains four neural networks and different memory
blocks called cells. Information is retained by the cells and the memory
manipulations are done by the gates. There are three gates —

1. Forget Gate: The information that is no longer useful in the cell state is
removed with the forget gate. Two inputs x_t (input at the particular time) and
h_t-1 (previous cell output) are fed to the gate and multiplied with weight
matrices followed by the addition of bias. The resultant is passed through an
activation function which gives a binary output. If for a particular cell state,
the output is 0, the piece of information is forgotten and for output 1, the

information is retained for future use.
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2.

Figure 5.7 — Forget Gate

Input gate: The addition of useful information to the cell state is done by the
input gate. First, the information is regulated using the sigmoid function and
filter the values to be remembered like the forget gate using inputs h_t-1 and
x_t. Then, a vector is created using tanh function that gives an output from -
1 to +1, which contains all the possible values from h_t-1 and x_t. At last, the
values of the vector and the regulated values are multiplied to obtain the

useful information.

Figure 5.8 — Input Gate

Output gate: The task of extracting useful information from the current cell
state to be presented as output is done by the output gate. First, a vector is
generated by applying tanh function on the cell. Then, the information is
regulated using the sigmoid function and filter by the values to be
remembered using inputs h_t-1 and x_t. At last, the values of the vector and

the regulated values are multiplied to be sent as an output and input to the
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next cell.

Figure 5.9 — Output Gate

These extracted features from input data by using CNN layers are paired with LSTM
for forecasting vectors in further development. These models have a lot of promise
and are developing being employed for more complex analysis like text
categorization.

Figure 5.10 - Model Architecture of CNN-LSTM
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Figure 5.10 interprets the overview architecture of the CNN LSTM model that is

utilized for feature extraction and getting captions.

..................................................................................................

Figure 5.11 - Results from LSTM

Features of images to be anticipated are developed by utilizing this VGG16-
Xception Architecture. The weights of VGG16 are frozen when we develop the
LSTM model. With this analysis, our model got trained on many images and text
data and was given to predict test data captions.

SLArTSeQ Man in DIaCK shirt and Diack Shirt & stanting In the street andseq

Figure 5.12 - Testing done on images and predicted caption

So finally, after doing this analysis on the training and testing phase, these are

compared using an evaluation metric called BLEU score.

35



BLUE Score: To figure out a caption, it is correlated to its captions. It stands for
Bilingual Evaluation Understudy. This is an algorithm that is utilized for examining

25 the quality of the machine-translated text.

true: black dog and spotted dog are fighting
pred: black and white dog Is running through the snow

BLEU: 0.7598356856515925

true: man climbing rock wall

pred: man in red shirt is climbing

BLEU: 0.7598356856515925

Figure 5.13 - Image caption predictions compared with BLEU score.

To improve the BLEU score we have developed our model further to get efficient.
After development, the test data predictions are shown below from Table 4.1 and
Table 4.2

10 R 4268 450 M s

Figure 5.14 - Training images
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12.36% is done. .
24,72% is done..
37.08% 1s done..
49,34% is done..
61.80% is done..
74.17% is done, .
86.53% is done..
98.85% is done,,

Layer (type) Output Shape param # Connected to

input_3 (InputLayer) [(None, 3@)] e ]

embedding (Embedding) {None, 38, 64) 286464 ["input_3[e]{e]"]
input_2 (Inputiayer) [(None, 1000)] e (]

Captionteature (LSTM) {None, 258) 328704 ["embedding[e][@]"]
Imagereature (Dense) (None, 258) 256256 [input_2{e][e]"]

add (Add) {(None, 256) e ['CaptionFeature[e][e]’,

'ImageFeaturefe][e]’]

dense (Dense) (None, 256) 65792 ['add[e][e]']

dense_1 (Dense) (None, 4476) 1150332 ['dense[e][e]']
Oownloading data from pifpsil/stecase. aposiessis.con/tansecfiow/keras-apclications/resnet/resnesse neients £F din ordeciog £f karoels hs
102973448/ 1029674204 [snnwnnnnnnwnsnnnwnnnnnnwnnnwns] « 15 OUs/5tep
182981632/102067424 [annemnsnnnussnsnnsnnnnsnannnns ] - 1s dus/stap

Figure 5.15 - Training on test data

image-URL: Scots Gaelic speakers in 2011 census.png [SEP]

closest captions:

Sao Vicente do Penso [SEP] Escudo

Jocs Panamericans de 2011 [SEP] Guadalajara

Bois de pins et chenes de Madren [SEP] carte

Standard time in the United States [SEP] 1913

Hebrides[ SEP]Geographic distribution of speakers(2011)

Table 5.1 — Test Data Predictions Sample
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image-URL: Thermopylae ancient coastline large.png [SEP]

closest captions:

Oberlin College [SEP] logo

Departmento de Flores [SEP] Escudo

Sekolah Menengh Kebangssan Selandar [sep] cny 4

Academia de Ciencias de Cuba [SEP] Sede.

Geothermal areas in New Zealand [SEP] Geyser Flat

Table 5.2 - Test Data Predictions Sample

From Table 5.1 and table 5.2, these are the inferred results after training and

predictions of captions for test data

Id Caption title predicted
0 Sao Vicente do Penso [SEP] Escudo
1 Oberlin College [SEP] logo

Table 5.3 - Final Test Data Predictions
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5.3 TESTING

predict_caption(enc)

brown and white dog is running on grass

Figure 5.16 - Results from final test predictions

predict_caption(ec)

group of people are walking around street

Figure 5.17 - Results from final test predictions
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CHAPTER 6
RESULTS AND DISCUSSION

This is a method of putting our models in a scenario where they might be applied to
an online service. VGG16-Xception and CNN LSTM models are used to predict and
analyze the data. The model is set up and furnished. We used Tensor and Bottle
Follow the flow of our code to create the test application. They expanded the project

using GitHub and Heroku.
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CHAPTER 7

CONCLUSION
7.1 CONCLUSION

In this Paper, Analysis was done on captions corresponding to text data and image
data. This was done in two phases. In Phase-l, the VGG16-Xception model was
used to excerpt features from images, and then these are fed into the CNN and
LSTM framework for training and to get captions for test data. The model performed

well with this data and the results are compared using the BLEU score.

In Phase-ll, this model is ready for deployment and this project application was
tested using VS Code and deployed in the Heroku app which gives ultimate results

for our model.

7.2 FUTURE WORK

In practically every sophisticated field of Al (Artificial Intelligence), Captioning of
images provides several advancements. This can be further extended by utilizing
attention models and by using various Greedy Search Interfaces. This can be even
extent for producing captions for live videos as this is a more popular research area
nowadays, extracting captions from videos by utilizing text augmentations and can
extend to other tasks related to security.

There is still much potential for research and development in image captioning and
future work can focus on improving accuracy, relevance and practicality of image
captioning models. Some potential future directions include:

Multi-modal image captioning: Current image captioning models focus on
generating captions solely based on visual information. However, incorporating
other modalities such as audio, text, and sensor data can improve the accuracy and
relevance of generated captions.

Context-aware image captioning: Captions should not only describe the objects in
the image but also incorporate contextual information such as the scene, emotions,
and actions. Developing models that can effectively capture this information can

lead to more informative and relevant captions.
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7.3 RESEARCH ISSUES

There are several research issues related to image captioning using CNN and LSTM

models. Some of them are:

Generating accurate and relevant captions: One of the primary research
challenges is to generate accurate and relevant captions for images. This
requires developing models that can effectively capture the visual information
of the image and the semantic information of the caption.

Dealing with large datasets: Image captioning requires large datasets for
training the model. However, collecting and annotating such datasets can be
challenging and time-consuming. Therefore, research needs to focus on
developing efficient methods for data collection and annotation.

Handling variations in image content: Images can have different variations in
terms of object placement, lighting, and size, among other factors. Research
needs to address how to handle these variations and develop models that
can generalize well to different types of images.

Incorporating contextual information: Captions should not only describe the
objects in the image but also incorporate contextual information such as the
scene, emotions, and actions. Therefore, research needs to develop models
that can effectively capture this information.

Evaluating model performance: Evaluating the performance of image
captioning models is challenging as there is no clear metric for measuring the
quality of captions. Therefore, research needs to focus on developing reliable
evaluation metrics that can accurately measure the quality of generated

captions.

Overall, image captioning using CNN and LSTM models is a complex task that

requires addressing several research challenges. Addressing these challenges can

lead to the development of more accurate and relevant image captioning models

7.4 IMPLEMENTATION ISSUES

There are several implementation issues related to image captioning using CNN

and LSTM models. Some of them are:
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e Computational complexity: The CNN and LSTM models used for image
captioning are computationally intensive and require significant processing
power. Implementing these models efficiently can be challenging and may
require specialized hardware such as GPUs.

e Preprocessing of images: The images used for training the model need to be
preprocessed to extract relevant features. This requires expertise in
computer vision and may involve techniques such as edge detection, feature
extraction, and resizing.

e Tuning model hyperparameters: The performance of the image captioning
model is dependent on several hyperparameters such as the number of
layers in the CNN and LSTM models, the learning rate, and the batch size.
Tuning these hyperparameters to optimize the model's performance can be
time-consuming and requires expertise.

e Handling overfitting: Overfitting occurs when the model is too complex and
learns to fit the training data too well, leading to poor generalization to new
data. Addressing overfitting requires techniques such as regularization,
dropout, and early stopping.

e Vocabulary size: The number of words in the caption vocabulary can be
large, and creating the vocabulary requires significant memory. Handling the
vocabulary size efficiently can be challenging and may require techniques
such as word embeddings or limiting the vocabulary size.

e Transfer learning: Transfer learning techniques can be used to improve the
performance of the model by leveraging pre-trained models. Implementing
transfer learning requires expertise in selecting appropriate pre-trained
models and fine-tuning them for the image captioning task.

Overall, implementing image captioning using CNN and LSTM models requires
addressing several technical issues related to computational complexity, data
preprocessing, hyperparameter tuning, handling overfitting, vocabulary size, and
transfer learning. Addressing these implementation issues can lead to the

development of efficient and accurate image captioning models.
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APPENDIX

A. SOURCE CODE

from google.colab import drive
drive.mount('/content/drive')

from google.colab.patches import cv2_imshow
from google.colab import drive

drive.mount('/content/gdrive')
!'pip install autoviz

#!pip install datatable

!pip install rapidfuzz

from tensorflow.keras.utils import load_img

from tensorflow.keras.preprocessing.sequence import pad_sequences
from tensorflow.keras.preprocessing.image import load_img

pip install squarify

# Load libraries

import matplotlib.pyplot as plt
import pandas as pd

import pickle

import numpy as np

import os

import seaborn as sns

import plotly.graph_objs as go
import plotly.offline as py
import plotly.express as px
import time

import string

from copy import copy

import progressbar

import tensorflow as tf

import keras

from collections import Counter
from nltk.tokenize import word_tokenize
import altair as alt

from tensorflow.keras.applications import VGG16
from keras import models
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from keras.applications.vgglé import preprocess_input
from collections import OrderedDict

from keras.preprocessing.text import Tokenizer

from tensorflow.keras.utils import to_categorical
from keras import layers

from nltk.translate.bleu_score import sentence_bleu
from wordcloud import WordCloud

from wordcloud import STOPWORDS

import urllib

import PIL.Image

#from autoviz.AutoViz_Class import AutoViz_Class
import squarify

import random

from wordcloud import WordCloud,STOPWORDS,ImageColorGenerator
from IPython.display import Image, HTML

import base64

from PIL import Image

import 1o

#import datatable as dt

from urllib.parse import unquote

from rapidfuzz import process, fuzz

from tgdm.auto import tqdm

from sklearn.neighbors import LocalOutlierFactor

import warnings
warnings.simplefilter(action="1ignore', category=FutureWarning)

df = pd.read_feather("/content/gdrive/MyDrive/Data/train-00000-o0f-00005")

print("df size:", df.shape)

df.isnull().sum()
df['language'].value_counts()

# hindi
hi = df[(df['language']=="h1")].reset_index(drop=True)
hi.head()

##german
de = df[(df['language']=="de")].reset_index(drop=True)
de.head(3)
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dft = pd.read_csv('/content/gdrive/MyDrive/Data/test_image_pixels_part-00000.csv', sep='\t', names=
['image_url', 'b64_bytes', 'metadata_url'])
dft
dft.describe()
def get_links(dft, num):
return dft.image_url[:num].values

links = get_links(dft, 10)

def load_images(links):
images = []

for link in links:
URL = link
try:

with urllib.request.urlopen(URL) as url:
with open('./temp.jpg', 'wb') as f:
f.write(url.read())

img = PIL.Image.open('./temp.jpg")
img = np.asarray(img)
images.append(img)
except:
continue
return images

display_images(images, title=None):
f, ax = plt.subplots(2,5, figsize=(18,12))
if title:

f.suptitle(title, fontsize = 30)

for 1, image_id in enumerate(images):
ax[1//5, 1%5].1imshow(image_id)

ax[1//5, 1%5].axis('off")
plt.show()
images = load_images(links)
pip install matplotlib==3.5.0
display_images(images)
links = dft.image_url[20:30].values

images = load_images(links)
display_images(images)

links = dft.image_url[30:40].values
images = load_images(links)
display_images(images)

links = dft.image_url[40:50].values
images = load_images(links)
display_images(images)

links = dft.image_url[50:60].values
images = load_images(1links)
display_images(images)
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wiki_df = pd.read_csv('/content/gdrive/MyDrive/Data/test_image_pixels_part-00000.csv',
sep="\t', names=['image_url', 'b64_hytes', 'metadata_url'])

print(wiki_df)

sub_file = pd.read_csv('/content/gdrive/MyDrive/Data/sample_submission.csv')
sub_file

print(wiki_df.shape)
print(sub_file.shape)

filename = "/content/gdrive/MyDrive/Data/train-00000-o0f-00005"
sep = "\t"
dft = AV.AutoViz(
filename,
sep=sep,
depVar="",
dfte=None,
header=0,
verbose=0,
lowess=False,
chart_format="svg",
max_rows_analyzed=15000,
max_cols_analyzed=30,

)

squarify.plot(sizes=df['language'].value_counts().values,
label=df['language'].value_counts().index,
color=["green","violet", "yellow", "blue"],
alpha=.8 )

plt.axis('off")

plt.show()

fig = go.Figure(
data=[ go.Bar(x=df['language'].value_counts().index,
y=df['language'].value_counts().values,
text=df[ 'language'].value_counts().values,
textposition="auto',name="hist', marker_color="skyblue')],
layout_title_text="WikiMedia Image Dataset Language Distribution"
)
fig.show()

image_file = pd.read_csv('/content/gdrive/MyDrive/Data/test_image_pixels_part-00004.csv',
sep="\t', names=['image_url', 'b64_bytes', 'metadata_url'])
image_file
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def showimages(imagelist):
f, ax = plt.subplots(4,3, figsize=(18,12))
image_flag=False
for 1, image_id in enumerate(imagelist):
print(i, image_id)
with urllib.request.urlopen(image_id) as url:
if (image_id.lower().find('.svg') != -1):
print ("Contains given SVG file ")
image_flag=True
if (image_id.lower().find('.tiff') != -1):
print ("Contains given TIFF file ")
image_flag=True
if (image_id.lower().find('.tif') != -1):
print ("Contains given TIF file ")
image_flag=True

if (image_flag == False):
with open('./temp.jpg', 'wb') as f:
f.write(url.read())

if (image_flag == False):
imagetoshow=PIL.Image.open("'./temp.jpg")
print(imagetoshow)
ax[1//3, 1%3].imshow(imagetoshow)
ax[1//3, 1%3].axis('off')
plt.show()

manualdisplay=image_file.image_url[60:102].values
showimages(manualdisplay)

start_num=random.randrange(0, len(image_file)-30)
end_num = start_num + 12
imagelist=image_file.image_url[start_num:end_num].values
print(imagelist.dtype)
for index, image in enumerate(imagelist):
if (image.find('.svg') != -1):
print ("Contains given SVG file ")
imagelist[index] = 1imagelist[index-1] #work to be done

showimages(imagelist)

file_name = pd.read_feather("/content/gdrive/MyDrive/Data/train-00000-0f-00005")
file_name.head(1)

kaggle_mask = np.array(Image.open('/content/gdrive/MyDrive/Data/Kaggle_logo.png'))
#kaggle_mask = np.array(Image.open('../input/kaggle/kaggle-transparent.svg'))

fig = plt.figure()

fig.set_figwidth(10)

fig.set_figheight(15)

plt.imshow(kaggle_mask, cmap=plt.cm.gray, interpolation='bilinear')
plt.axis('off')

#plt.show()

kaggle_wc= WordCloud(background_color="bhlack',max_words = 3000,stopwords='site', mask = kaggle_mask)
kaggle_wc.generate(" ".join(file_name['page_title'].astype(str)))

fig=plt.figure()

fig.set_figwidth(20)

fig.set_figheight(16)

plt.axis('off")

plt.imshow(kaggle_wc, interpolation='bilinear')

plt.show()
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embed_file_sample_df=pd.read_csv('/content/gdrive/MyDrive/Data/test_resnet_embeddings_part-00001.csv')
pixel_file_sample_df=pd.read_csv('/content/gdrive/MyDrive/Data/test_image_pixels_part-00002.csv')

print(embed_file_sample_df.head(2))
print(embed_file_sample_df.columns)

print(pixel_file_sample_df.head(2))
print(pixel_file_sample_df.columns)

file_name.columns

check_cols = ['language', 'mime_type', 'original_height',
‘original_width', 'is_main_image', 'page_changed_recently']
for cols in check_cols:
print(file_name[cols].unique())

#temp_df=Ffile_name[[check_cols]]
temp_dfl= file_name.iloc[:, 0]
temp_df2= file_name.iloc[:, 9:14]
temp_df3=pd.concat([temp_dfl, temp_df2.reindex(temp_df2.index)], axis=1)
#,file_name.iloc[:,9:12])
temp_df3.head()

#temp_df3.boxplot(by="'language')
temp_df3_group=temp_df3.groupby( 'language').agg( 'min")
temp_df3_group
temp_df3_group.reset_index(drop=True,inplace=True)
temp_df3_group

temp_df3_group["original_height"]=temp_df3_group["original_height"].astype(float)
temp_df3_group["original_width"]=temp_df3_group["original_width"].astype(float)

temp_df3_group['original_height'].plot(label = 'original_height', figsize = (10,6))
temp_df3_group['original_width'].plot(label = 'original_width', figsize = (10,6))

temp_df3_group['original_height'].plot(label = 'original_height', figsize = (10,6))
temp_df3_group['original_width'].plot(label = 'original_width', figsize = (10,6))
plt.legend()

plt.show()

temp_df3_group[ 'mime_type'].value_counts().plot.bar(figsize = (10,6))
plt.legend()
plt.show()

temp_df3_group['is_main_image'].value_counts().plot.bar(label="'1s_main_image',figsize = (10,6))
plt.legend()
plt.show()

temp_df3_group['attribution_passes_lang_id'].value_counts().plot.bar(label="attribution_passes_lang_id'
,figsize=(10,6))

plt.legend()

plt.show()

graph_df = pd.concat([temp_df3_group[ 'mime_type'].value_counts(),
temp_df3_group['is_main_image'].value_counts(),
temp_df3_group['attribution_passes_lang_id'].value_counts()],
axis=1l, sort=True)

graph_df.columns = ["Mime", "Main Image", "Attribution Passes"]

graph_df.plot.bar(figsize = (10,6))

plt.legend()

plt.show()
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#Ascending order False
top_rated=df.sort_values('original_width', ascending=True)
topl0=top_rated.head(10)

f=['page_title','image_url']

displ=(top10[f])

displ.set_index('page_title', inplace=True)

def path_to_image_html(path):
This function essentially convert the image url to
'<img src=""+ path + '"/>' format. And one can put any
formatting adjustments to control the height, aspect ratio, size etc.
within as in the below example.

return '<img src=""+ path + '""/width="200" height="40" alt="Computer Hope">'

#Ascending order False
top_rated=df.sort_values('original_height', ascending=True)
topl0=top_rated.head(10)
f=['page_title', ' image_url']
displ=(topl0[f])
displ.set_index('page_title', inplace=True)

def path_to_image_html(path):

This function essentially convert the image url to

'<img src=""+ path + '"/>"' format. And one can put any

formatting adjustments to control the height, aspect ratio, size etc.
within as in the below example.

return '<img src="'+ path + '""/width="200" height="40" alt="Computer Hope">'
HTML(displ.to_html(escape=False ,formatters=dict(image_url=path_to_image_html),justify="center'))
lunzip '/content/gdrive/MyDrive/Data/Flickr_Data.zip'

dir_Flickr_text = "/content/gdrive/MyDrive/Data/Flickr8k.token.txt"
dir_Flickr_jpg = "/content/Flickr_Data/Images"

ipgs = os.listdir(dir_Flickr_jpg)
print("The number of jpg flies in Flicker30k: {}".format(len(jpgs)))
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## loading as dataframe
def load_csv(directory):
desc=dict()
text = pd.read_csv(directory, delimiter='|',header=None,names=["filename","index","caption"])
text = text.iloc[1l:,:]
df_new = text[text.iloc[:,2].notnull()]
print(df_new.iloc[:5,:])
return df_new

file = open(dir_Flickr_text,'r"')
text = file.read()
file.close()

datatxt = []
for line in text.split('\n'):
col = line.split('\t"')
if len(col) == 1:
continue
w = col[O].split("#")
datatxt.append(w + [col[1].lower()])

df_txt = pd.DataFrame(datatxt,columns=["filename","index","caption"])

uni_filenames = np.unique(df_txt.filename.values)

print("The number of unique file names : {}".format(len(uni_filenames)))
print("The distribution of the number of captions for each image:")
Counter(Counter(df_txt.filename.values).values())

npic S
npix 224
target_size = (npix,npix,3)

count = 1

fig = plt.figure(figsize=(10,20))

for jpgfnm in uni_filenames[:npic]:
filename = dir_Flickr_jpg + '/' + jpgfnm
captions = list(df_txt["caption"].loc[df_txt["filename"]==jpgfnm].values)
image_load = load_img(filename, target_size=target_size)

ax = fig.add_subplot(npic,2,count,xticks=[],yticks=[])
ax.imshow(image_load)
count += 1

ax = fig.add_subplot(npic,2,count)

plt.axis('off"')

ax.plot()

ax.set_x1lim(0,1)

ax.set_ylim(0,len(captions))

for i, caption in enumerate(captions):
ax.text(0,1,caption,fontsize=20)

count += 1

.show( )

df _word(df_txt):
vocabulary = []
for i1 in range(len(df_txt)):
temp=df_txt.iloc[1,2]
vocabulary.extend(temp.split())
print('Vocabulary Size: %d' % len(set(vocabulary)))
ct = Counter(vocabulary)
dfword = pd.DataFrame({"word":list(ct.keys()),"count":1list(ct.values())})
dfword = dfword.sort_values("count",ascending=False)
dfword = dfword.reset_index()[["word","count"]]
return(dfword)
dfword = df_word(df_txt)
dfword.head(3)

topn = 50

def plthist(dfsub, title="The top 50 most frequently appearing words"):
plt.figure(figsize=(20,3))
plt.bar(dfsub.index,dfsub["count"])
plt.yticks(fontsize=20)
plt.xticks(dfsub.index,dfsub["word"],rotation=90, fontsize=20)
plt.title(title,fontsize=20)
plt.show()

plthist(dfword.iloc[:topn,:],

title="The top 50 most frequently appearing words")
plthist(dfword.iloc[-topn:,:],

title="The least 50 most frequently appearing words")




import string

def remove_punctuation(text_original):
text_no_punctuation = text_original.translate(str.maketrans('','',string.punctuation))
return(text_no_punctuation)

remove_single_character(text):
text_len_more_thanl = ""
for word in text.split():
if len(word) > 1:
text_len_more_thanl += " " + word
return(text_len_more_thanl)

remove_numeric(text,printTF=False):
text_no_numeric = ""
for word in text.split():
isalpha = word.isalpha()
if printTF:
print(" {:10} : {:}".format(word,isalpha))
if isalpha:
text_no_numeric += " " + word
return(text_no_numeric)

def text_clean(text_original):

text = remove_punctuation(text_original)
text = remove_single_character(text)
text = remove_numeric(text)

return(text)

with progressbar.ProgressBar(max_value=len(df_txt.caption.values)) as bar:
for i, caption in enumerate(df_txt.caption.values):
newcaption = text_clean(caption)
df_txt["caption"].iloc[1] = newcaption
bar.update(i)

dfword = df_word(df_txt)
plthist(dfword.iloc[:topn,:],

title="The top 50 most frequently appearing words")
plthist(dfword.iloc[-topn:,:],

title="The least 50 most frequently appearing words")

def add_start_end_seq_token(captions):
caps =[]
for txt in captions:
txt = 'startseq ' + txt + ' endseq’
caps.append(txt)
return(caps)
df_txt0 = copy(df_txt)
df_txt0["caption"] = add_start_end_seq_token(df_txt["caption"])
df_txt0.head(5)
del df_txt
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modelvgg = VGG16( include_top=True,weights=None)

## load the locally saved weights
modelvgg.load_weights("/content/gdrive/MyDrive/Data/vgglé_weights_tf_dim_ordering_tf_kernels.h5")
modelvgg.summary( )

modelvgg. layers.pop()

modelvgg = models.Model( inputs=modelvgg.inputs, outputs=modelvgg.layers[-1].output)
## show the deep learning model

modelvgg.summary( )

from tensorflow.keras.utils import img_to_array

images = OrderedDict()
npix = 224
target_size = (npix,npix,3)
with progressbar.ProgressBar(max_value=len(jpgs)) as bar:
for i,name in enumerate(jpgs):
# load an image from file
filename = dir_Flickr_jpg + '/' + name
image = load_img(filename, target_size=target_size)
# convert the image pixels to a numpy array
image = img_to_array(image)
nimage = preprocess_input(image)
y_pred = modelvgg.predict(nimage.reshape( (1,) + nimage.shape[:3]))
images[name] = y_pred.flatten()
bar.update(i)
#print(i,filename)

dimages, keepindex = [],]]
nd=(df_txt@["index"].values)
b = [(int(i)==0) for i in nd]
#for 1 in nd:
# print(int(i)==0)
#df_txt0 = df_txt0.loc[b,: ]
df_txt® = df_txt0.loc[df_txt@["index"].values == "0",: ]

for 1, fnm in enumerate(df_txt0.filename):
if fnm in images.keys():
dimages.append(images[fnm])
keepindex.append(i)

fnames = df_txt@["filename"].1loc[keepindex].values
dcaptions = df_txt@["caption"].iloc[keepindex].values
dimages = np.array(dimages)
print(df_txt@["index"][:5])

## the maximum number of words in dictionary
count_words=22000

#nb_words = 31782

tokenizer = Tokenizer(num_words=8000)
tokenizer.fit_on_texts(dcaptions)

vocab_size = len(tokenizer.word_index) + 1
print("vocabulary size : {}".format(vocab_size))
dtexts = tokenizer.texts_to_sequences(dcaptions)
print(dtexts[:5])

prop_test, prop_val = 0.2, 0.2

N = len(dtexts)
Ntest, Nval = int(N*prop_test), int(N*prop_val)

def split_test_val_train(dtexts,Ntest,Nval):
return(dtexts[:Ntest],
dtexts[Ntest:Ntest+Nvall,
dtexts[Ntest+Nval:])

dt_test, dt_val, dt_train = split_test_val_train(dtexts,Ntest,Nval)
di_test, di_val, di_train split_test_val_train(dimages,Ntest,Nval)
fnm_test,fnm_val, fnm_train = split_test_val_train(fnames,Ntest,Nval)

maxlen = np.max([len(text) for text in dtexts])
maxlen




def preprocessing(dtexts,dimages):
N = len(dtexts)
print("# captions/images = {}".format(N))

assert(N==1len(dimages))
Xtext, Ximage, ytext = [],[],[]
for text,image in zip(dtexts,dimages):

for i1 in range(1l,len(text)):
in_text, out_text = text[:1], text[i]
in_text = pad_sequences([in_text],maxlen=maxlen).flatten()
out_text = to_categorical(out_text,num_classes = vocab_size)

Xtext.append(in_text)
Ximage.append( image)
ytext.append(out_text)

Xtext = np.array(Xtext)

Ximage np.array(Ximage)

ytext = np.array(ytext)

print(" {} {} {}".format(Xtext.shape,Ximage.shape,ytext.shape))
return(Xtext,Ximage,ytext)

Xtext_train, Ximage_train, ytext_train = preprocessing(dt_train,di_train)
Xtext_val, Ximage_val, ytext_val = preprocessing(dt_val,di_val)

# pre-processing is not necessary for testing data

#Xtext_test, Ximage_test, ytext_test = preprocessing(dt_test,di_test)

print(vocab_size)
## image feature

dim_embedding = 64

input_1image = layers.Input(shape=(Ximage_train.shape[1l],))

fimage = layers.Dense(256,activation='relu',name="ImageFeature")(input_1image)
## sequence model

input_txt = layers.Input(shape=(maxlen,))

ftxt = layers.Embedding(vocab_size,dim_embedding, mask_zero=True)(input_txt)
ftxt = layers.LSTM(256,name="CaptionFeature")(ftxt)

## combined model for decoder

decoder = layers.add([ftxt,fimage])

decoder = layers.Dense(256,activation='relu')(decoder)

output = layers.Dense(vocab_size,activation='softmax')(decoder)

model = models.Model(inputs=[input_image, input_txt],outputs=output)

model.compile(loss='categorical_crossentropy', optimizer='adam')
print(model.summary())

start = time.time()
#checkpoint_path = "training_1/cp.ckpt"
#checkpoint_dir = os.path.dirname(checkpoint_path)

# Create checkpoint callback

#cp_callback = tf.keras.callbacks.ModelCheckpoint(checkpoint_path,

# save_weights_only=True,
# verbose=2)

hist = model.fit([Ximage_train, Xtext_train], ytext_train,
epochs=7, verbose=2,
batch_size=64,
validation_data=([Ximage_val, Xtext_vall], ytext_val))
#callbacks = [cp_callback])
end = time.time()
print("TIME TOOK {:3.2f}MIN".format((end - start )/60))

print(Ximage_train.shape,Xtext_train.shape,ytext_train.shape)




index_word = dict([(index,word) for word, index in tokenizer.word_index.items()])
def predict_caption(image):

image.shape = (1,4462)

in_text = 'startseq'

for iword in range(maxlen):
sequence = tokenizer.texts_to_sequences([in_text])[0]
sequence = pad_sequences([sequence],maxlen)
yhat = model.predict([image,sequence],verbose=0)
yhat = np.argmax(yhat)
newword = index_word[yhat]
in_text += " " + newword
if newword == "endseq":
break
return(in_text)

npic = 5
npix = 224
target_size = (npix,npix,3)

count = 1

fig = plt.figure(figsize=(10,20))

for jpgfnm, image_feature in zip(fnm_test[:npic],di_test[:npic]):
## images
filename = dir_Flickr_jpg + '/' + jpgfnm
image_load = load_img(filename, target_size=target_size)
ax = fig.add_subplot(npic,2,count,xticks=[],yticks=[])
ax.imshow( image_load)
count += 1

## captions

caption = predict_caption(image_feature.reshape(1,len(image_feature)))
ax = fig.add_subplot(npic,2,count)

plt.axis('off"')

ax.plot()

ax.set_x1lim(0,1)

ax.set_ylim(0,1)

ax.text(0,0.5,caption,fontsize=20)

count += 1

plt.show()

index_word = dict([(index,word) for word, index in tokenizer.word_index.items()])

nkeep = 5
pred_good, pred_bad, bleus = [1, [], []
count = 0
for jpgfnm, image_feature, tokenized_text in zip(fnm_test,di_test,dt_test):
count += 1
if count % 200 == 0:
print(" {:4.2f}% is done..".format(100*count/float(len(fnm_test))))

caption_true = [ index_word[i] for i in tokenized_text ]

caption_true = caption_true[l:-1] ## remove startreg, and endreg

## captions

caption = predict_caption(image_feature.reshape(1,len(image_feature)))
caption = caption.split()

caption = caption[1l:-1]## remove startreg, and endreg

bleu = sentence_bleu([caption_true],caption)

bleus.append(bleu)

if bleu > 0.7 and len(pred_good) < nkeep:
pred_good.append( (bleu, jpgfnm,caption_true,caption))

elif bleu < 0.3 and len(pred_bad) < nkeep:
pred_bad.append((bleu, jpgfnm,caption_true,caption))




def plot_images(pred_bad):
def create_str(caption_true):
strue = "
for s in caption_true:
strue += " " + s
return(strue)
npix = 224
target_size = (npix,npix,3)
count = 1
fig = plt.figure(figsize=(10,20))
npic = len(pred_bad)
for pb in pred_bad:
bleu, jpgfnm,caption_true,caption = pb
## images
filename = dir_Flickr_jpg + '/' + jpgfnm
image_load = load_img(filename, target_size=target_size)
ax = fig.add_subplot(npic,2,count,xticks=[],yticks=[])
ax.imshow(image_load)
count += 1

caption_true = create_str(caption_true)
caption = create_str(caption)

ax = fig.add_subplot(npic,2,count)
plt.axis('off"')
ax.plot()
ax.set_x1im(0,1)
ax.set_ylim(0,1)
ax.text(0,0.7,"true:" + caption_true,fontsize=20)
ax.text(0,0.4,"pred:" + caption,fontsize=20)
ax.text(0,0.1,"BLEU: {}".format(bleu),fontsize=20)
count += 1

plt.show()

print("Good Caption")
plot_images(pred_good)

sub = pd.read_csv('/content/gdrive/MyDrive/Data/sample_submission.csv')
sub.head(10)

captions = pd.read_csv('/content/gdrive/MyDrive/Data/test_caption_list.csv')
print(len(captions))
captions.head()

test = pd.read_csv('/content/gdrive/MyDrive/Data/test.tsv', sep="\t')
test.head()

for 1 in range(5):
print(test.image_url.loc[i])

import pandas as pd

tst@ = pd.read_csv('/content/gdrive/MyDrive/Data/test_image_pixels_part-00000.csv', sep='\t',
header=None)
tst0.head()

from keras.preprocessing import image
import base64

password = "hello world"

encoded = base64.b64encode(password.encode("utf-8"))
print(encoded)

decoded = base64.b64decode(encoded)

print(decoded)

image_64_decode = base64.b64decode(tst@[1].loc[0])
img = Image.open(io.BytesIO(image_64_decode))
img

test.image_url.loc[2]

convert(t):
topspLit(t/ 1) [ 1]
unquote(t)
t.replace('_', ' ')
t + ' [SEP]'
return(t)

test['prediction'] = test['image_url'].apply(convert)
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test.head()
CAPTIONS = captions.caption_title_and_reference_description.values.tolist()

len(

for

test

sub
sub.

sub.
from
from

impo
impo
impo
impo
impo
impo
impo
from
from
from
from
from
from
from

CAPTIONS)

i in range(5):
s = test.prediction.loc[i]
print(f'image_url: {s}")
res = process.extract(s, CAPTIONS, scorer=fuzz.ratio, processor=None, limit=5)
print(f'closest captions:')
for ¢ in res:
print(c[@])
print('*'*60)
print()

def find_closest_match(s):

res = process.extract(s, CAPTIONS, scorer=fuzz.ratio, processor=None, limit=5)
res = [x[@] for x in res]

return res

tqdm.pandas()

test[ 'caption_title_and_reference_description'] =
['prediction'].progress_apply(find_closest_match)

sub = test[['id', 'caption_title_and_reference_description']]
= sub.explode( 'caption_title_and_reference_description')
head( )

to_csv( 'testdataprediction.csv', index=False)
keras_preprocessing.sequence import pad_sequences
keras.layers import concatenate

rt pandas as pd

rt numpy as np

rt matplotlib.pyplot as plt

rt keras

rt json

rt pickle

rt numpy as np

PIL import Image

keras.applications.vgglé import VGG16
tensorflow.keras.applications.resnet50 import ResNet50, preprocess_input, decode_predictions
keras.preprocessing import image

keras.models import Model, load_model
tensorflow.keras.utils import to_categorical

keras.layers import Input, Dense, Dropout, Embedding, LSTM

model = load_model("/content/gdrive/MyDrive/Data/model_9.h5")

model_temp = ResNet50(weights="imagenet", input_shape=(224,224,3))

model_resnet = Model(model_temp. input, model_temp.layers[-2].output)

def preprocess_image(img):

img = image.load_img(img, target_size=(224,224))
img = image.1img_to_array(img)

img = np.expand_dims(img, axis=0)

img = preprocess_input(img)

return img




def encode_image(img):
img = preprocess_image(img)
feature_vector = model_resnet.predict(img)
feature_vector = feature_vector.reshape(l, feature_vector.shape[l])
return feature_vector

def predict_caption(photo):

in_text = "startseq"

max_len = 35

for i1 in range(max_len):
sequence = [word_to_idx[w] for w in in_text.split() if w in word_to_idx]
sequence = pad_sequences([sequence], maxlen=max_len, padding='post')

ypred model.predict([photo,sequence])
ypred = ypred.argmax()

word = idx_to_word[ypred]

in_text+= ' ' +word

if word =='endseq':
break

final_caption = 1in_text.split()
final_caption final_caption[1l:-1]
final_caption = ' '.join(final_caption)

return final_caption

with open("/content/gdrive/MyDrive/Data/word_to_idx.pkl", 'rb') as w2i:
word_to_idx = pickle.load(w2i)

with open("/content/gdrive/MyDrive/Data/idx_to_word.pkl", 'rb') as i2w:
idx_to_word = pickle.load(i2w)

import tensorflow.compat.v2 as tf

tf.keras.preprocessing.image.load_1img

from tensorflow.keras.utils import load_img, img_to_array
from keras_preprocessing.image import load_1img

pip install keras

from tensorflow.keras.preprocessing import image

enc = encode_image('/content/gdrive/MyDrive/Data/1009434119.jpg')
img = Image.open("/content/gdrive/MyDrive/Data/1009434119.jpg")
img

predict_caption(enc)

ec=encode_1image( '/content/gdrive/MyDrive/Data/101093029.jpg"')
imag = Image.open('/content/gdrive/MyDrive/Data/101093029.jpg"')
imag

predict_caption(ec)

enic = encode_image('/content/gdrive/MyDrive/Data/surf.jpg"')
img = Image.open('/content/gdrive/MyDrive/Data/surf.jpg')
img

e=encode_1image('/content/gdrive/MyDrive/Data/IMG_1430.3IPG. jpg"')

imag = Image.open('/content/gdrive/MyDrive/Data/IMG_1430.JPG.jpg")
imag.thumbnail( (600, 400))
imag
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C. RESEARCH PAPER

Image captioning from wikipedia using deeplearning for
multilanguage

Nithin Reddy Bhimireddy
Department of CSE
Sathyabama Institute of Science
and Technology
Chennai,India
bhimireddynithinreddy@gmail.com

Abstract— The combination of text class and
picture processing has drawn a lot of interest
recently due to the advancement of advanced
mastering. A significant area of research in the
field of computer vision now centers on image
captioning. Picture capture requires knowledge
of a factor's popularity, attributes, and
connections to images. The creation of captions
for pictures is a difficult and responsible task;
considerable advancements have been made in
this area. But because to advancements in deep
learning technology and the abundance of
information available, the era can now create a
version that might display the closest text or
subtitles that identify the picture. At first, it was
believed to be impossible for a computer to
create a photograph. Moreover, NVIDIA is
creating a utility to aid visually challenged or
blind persons in using photo capture
technology. This project's major goal is to
produce a version that makes it possible to
foresee the caption or text that will appear next
to the image. Deep learning techniques can be
used to complete this analysis because they are
efficient at resolving difficult picture processing
problems. So, the goal of this project is to build
a model that anticipates captions or labels for
images in order to study deep styles. This study
utilized the VGG16 structure to predict and
provide picture captions, and this analysis may
be contrasted with other deep learning systems,
including LSTM.

Keywords—  Text-Classification, Image
captioning, Deep Learning, Computer Vision

I.  INTRODUCTION

The topic of the generation of spoken words or
collected images has taken on significant
importance in recent years in the field of computer

Byna Abhishek Akri
Department of CSE
Sathyabama Institute of Science
and Technology
Chennai,India
abhishekakri2@gmail.com

70

Dr.A.Christy
Department of CSE
Sathyabama Institute of Science
and Technology

Chennai,India
ac.christy@gmail.com

vision with works on natural language processing.
Computer vision has recently made significant
strides in image processing, including picture
categorization and object identification. The term
"photo captioning” refers to the explanation of the
image's content. Typically, photo capture systems
with photo vector input to the encoder employ
encoder-decoder designs. A primary interest in
photography is taking pictures, which necessitates
semantic knowledge of photos and the ability to
create accurate, detailed descriptions of pictures.
The field of study of photo capture is currently
visibly fresh and rapidly evolving. Every day, a
number of new approaches are introduced to
address the findings of the research in this domain.
Picture captions are a brand-new trend that is
currently generating a lot of curiosity. Visual
capture is a crucial step in improving human-
computer interaction and better understanding the
underlying concepts of human image recognition.
It might be thought about taking pictures of the
entire system. The sequential technique is one that
uses a series of sentences or words to create visuals
that include the elements listed below. The main
objective of this photo capture is to generate a
natural language description for the entry photo
that is sent to the version. In this analysis, we
provide a model that depicts characterization as a
linguistic technique using herbs. Also, the neural
network's  functionalities are taken from
extraordinary architectures like CNN and LSTM.
Finally, using those designs, texture generation
became successful.

Il. LITERATURE REVIEW

The researchers behind this work created
a hybrid device that employs the Multilayer
Convolutional Neural Network (CNN) architecture
to produce a term for image categorization and the
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Long Short Memory (LSTM) architecture to
produce the necessary information. sentences that
employ the same words and phrases. Taking
pictures is a popular past time that necessitates
semantic knowledge of the pictures, including the
capacity to create accurate and detailed
descriptions of the pictures. In general, full image
advent and self-characterization are used in a wide
range of applications, such as information image
capture, Braille instructions, text-based image
retrieval, concept images for clinical analysis, and
human-robot communication.

On an image provided by a version, the concept of
object identification and appearing actions is
obvious. The simplest methods for object detection
use the vectors amassed from the images. Using
natural language processing to create a function
image is undoubtedly difficult. The results of the
survey show that this analysis also employs
improvements to this approach of item relation
transformation that makes it more effective, such
as the spatial link between the input facts of the
features utilizing geometrical attention. It should
be obvious from the articles that came before that
CNN is used to translate visual statistics and locate
objects in images, whereas RNN or LSTM are used
to provide image descriptions. Research analytical
techniques and procedures related to processing
techniques, such as device learning, natural
language processing, and in-depth learning.
Several studies have been conducted on image
captioning, particularly in the field of computer
vision. Creating a program that can predict the text
or caption that will show next to an image is the
major objective of this research.

I1l. DATA SET

Due of each order's unique personality, the records
each contain something unique. This report was
carried out using a variety of information sources,
including data  generation, text capture
information, picture information, pixel information
photos, Resnet embeddings, and so on. This
analysis was done using a sizable image collection
made available via the cloud of the Wikimedia
Foundation. Several languages are used to analyze
these statistics. There are 79 or so languages. Using
pre-processing  techniques and  photograph
assessment processing, the statistics are assessed in
natural language and processed for both text and
images.

TABLE I. TRAINING DATA

Page Title | Section Title
en hittps://en. wikipedia.org/wiki/Silverspoon | Silver spoon | Historical
uses
Zh-TW | htps:/izh.wikipedia.org/wiki/97/kita- {1485 REAAK
sendal-staion

language | page URL

TABLE Il. TRAINING DATA

Mime-Type | Caption reference height | width | Is main page

Image/jpeg | Two silver-giltstrainerspoons | 1194 | 2139 | false
on the table
Imagefjpeg |94 A12 | 2816 | true

TABLE Ill. TEST DATA

Id | Image URL
0 | https:/fuplaod.wikimedia.org/wikipedia/scotsGaelicspeakers201 Lcesnus.png

1| https:/upload.wikimedia.org/wikipedia/ThermopylaeAncientcoastline, jpg

TABLE IV. CAPTION DATA

Captions
Albert Pike [SEP] Albert Pike
Anna Blount [SEP] Blount and her young daughter, in 1911

Fig 1. Sample images Data set

IV. DATA ANALYSIS

Using pre-processing methods to find the
information is one of the key phases in data
mining. One of the most important processes to
process the data before it is used to create any
version is this one. With the vast amount of data to
test and train the model on, including picture facts,
text facts, and caption information, it became
challenging to choose the statistics. Each image in
the educational information contains five labels
that are closest to the image. Every single one of
the five accurately captures the image. Given that
there were many shooters created with the purpose
in mind, it was difficult to decide which
information to use in order to create a model for
green effects. Here, this initial assessment was
conducted utilizing a variety of tools, including
histograms, tree tables with sqaurify, photo
processing with scalability, alignment, and NLP-
based text processing (Natural Language
Processing). Stop words and text omission
strategies removal techniques, password text
techniques, etc.

Tree Map: utilized to forecast statistics by



layering rectangles of varying sizes. Each
rectangle's size is expressed as a percentage of the
total quantity of information that is sent. The
elements of the parameters are separated using this
display technique. This makes it easier to see how
many human values interact to create a body of
knowledge. For unique access to the data, data is
frequently resolved as pieces of input statistics
with exceptional parameters. The tree desk has
various types of attributes, including values, text
records, route bars, branch values, and many

others.
Fig 2. Tree Map

From Fig 2. Explains that English and French are
the two languages that are most commonly utilised
in data out of 79.
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Fig 3. Top most frequent words

Tokenization. The password is the first stage in
the pipeline for natural language processing. This
has a significant effect on how the structure
relaxes. You can accomplish this with words or
sentences. This is the approach that is used the
most frequently in NLP method issues. It breaks
down sentences into phrases' constituent parts.
Statistics and textual material are divided into
chunks of data that can be regarded as independent
components by a tokenizer.
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Fig 4. Language Distribution bar graph
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Fig 5. Page Title Word Cloud

. The pages connected to the word cloud in the
listing are suggested in Figure 5, It lists the terms
that are most frequently used in the data.

These are a few of the methods used to analyze the
facts and letters contained in the book.

Analysis of picture statistics, including scaling,
image smoothing, and pixels, was done in addition
to textual content processing and installation
information (normalization). These processing
methods are used on images since we are unable to
simply feed a photograph to a model without first
processing it.

Flattening: A multi-dimensional array is
transformed into a one-dimensional array using
this method. It is frequently applied while
imposing a one-dimensional apparatus for type
styles and carrying out deep mastering challenges.
This is because 1-D arrays utilize less memory than
multidimensional arrays do. The image needs to be
softened before you shape the model in order to
save time and make working with large sheets
easier.

Normalization (to scale factors): is a technique
for analyzing pictures that modifies the capacity of
images. The goal is to make the evaluation green
by adjusting the image in accordance with the
depth of the fee. The RGB or grayscale photograph
entered is normalized using this function.



image_url results are compared utilizing the call BLEU after
page_title doing all essential analyses, and this daily

undertaking is established by the use of Heroku.
Verda Promenejo Ax -$J-
J Model Architecture

Macrosphenus TT— Image Captioning Using deep Learning Methods

Implemented
using Keras
and Tensor
flow in python

Malayattoor

Glenville State College

Nixn@opog Autpag Wikipedia Image Data Set Deployment
Chlorocichla Flg 8. Architectural Model
Fig 6. Analysis of the images related to the page CNN: Convolutional neural network community,

title the provided image is warped an objective variable
Once image processing techniques have been n tr_us sen_tence. They demonstrate  their

. . . . effectiveness in that they have become the go-to
applied to the image data, it is predicted that the solutions for any forecasting issue that uses data as
results will match the page title. input to a model. A neural community called a
multilayer feedforward network is created by
stacking numerous hidden layers in a specific

14000

2000 order. While the game stages are frequently
supported by layers in the convolutional
— community layer, these steps are frequently

hindered by many layers inside the grid.

o0 <start> little girl <end>

2000 U Pro-tariend CNN

Fig 7. Graph showing picture width dimensions

\
V. METHODOLOGY

The two steps of analysis and belief are Uiphitimage Feature Vector
separated. In phasel, test signatures are trained and i oy, R e
predicted using deep learning models like LSTM . ) .
and VGG16. Phase 2 of this project was developed Fig 9. Overview of Architecture

utilizing VS Code and Heroku, and it grew more
advanced for similar development. One of the
areas that is most researched and is evolving
quickly in everyday life is deep learning. With
high-give up contemporary frameworks, neural
networks are frequently evaluated in this way. This
enables you to employ neural networks that are
much larger than before and improve training.

a little girl in a pink dress going into a wooden cabin
a little girl climbing the stairs to her playhouse

a little girl climbing into a wooden playhouse

a girl going into a wooden bullding

a child In  pink dress is climbing up & set of stairs In an entry way

two dogs on pavement moving toward each other

two dogs of different breeds looking at each other on the road

Researchers have proposed a vast array of specific a black dog and a white dog with brown spots are staring at each other n the street
neural network types as upgrades or modifications z‘“; ;“m{:“’::jq'"“ il

to the current trends. The rhyme has been used

before. This analytical version uses Xception to Fig 10. Training phase results

extract characteristics from photos before sending

them to LSTM to create captions. Text is processed On this architectural model, the predictive photo
using natural language processing and pre-trained capture is examined in three stages: function photo
models in this version. The highest count for the extraction, sequential processing, and decoder.

examined records is predicted by LSTM. The
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Feature Extraction: This is accomplished using
Xception, VGG16, and pre-trained styles. This
process is called switch studying.

Sequential Processing: The embedding layer
serves as a means for text data to communicate
with one another. It teaches beginners how to
extract the given textual features.

Decoder: This is the final level, from which
methods for the image extractor with the
subsequent processor are developed.

The processor then passes the data to the neuron,
which eventually exceeds the final level of output.
Xception: With quick setup in mind, this 36-layer
premade model has been created. These are
advanced to an LSTM layer with processing in a
dense layer to provide an upgrade of 2048 vector
images. This version is based on extensive data,
with functions taken from this analysis and applied
to the analysis of the problem's cutting-edge issue.
A community photo library with 1,000 different
types of photos organized by class is what it needs
to be taught on, and this model can be imported
right away using Keras packages. We have
adjusted our assumptions to reflect the fact that this
version is fully loaded with community image.

[Tnput: | (Noae, 33)
input_4: InputLayer j——A———f
| output: | (Noae, 33)
put: | (None,33) | iput- | (Nono, 2048) |
embedding_2: Embedding - input_3: lnputLayes
output: | (None, 33, 256) output l (Noae, 20448)
| |
1 ]
imput: | (Noaw, 33, 256) | | input: | (None, 2048) |
dropout_4: Dropout f————t——————— | dropout_3: Dropout p————f——m————o]
output: | (Nooe, 56 output: | (None, .‘om}
| |
\
o L — T * o |
| | mput: | (No 5 input: | (None, 2048)
| Istm_2: LSTM p———1—— R ——

56,
o | dense_4: Dense
| | output: |  (None,

| input: | (None, 256)
dense. 5: Dense f———t——"—

output | (None, 256)

input 256) |
dense_6: Dense j———t————
oatput: | (None, 7349) |

Fig 11. Xception Model Architecture

LSTM:

Short Memory is what LSTM stands for. Using
VGG16-Xception models, a raster version is used
to extract capabilities from the images in this case.
The capabilities can then be in order to generate
labels, fed into an LSTM architecture. This version
is referred to as range-LSTM, which was
developed especially for prediction problems with
input data including images and video capture. In
order to predict the vectors and further improve
prediction, these concepts are retrieved from the
input records using the CNN layer and combined
with LSTM. These models are being developed for
more complicated analyses, such as text
categorization, and they show significant potential.
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Fig 12. CNN-LSTM Model Architecture

The architectural layout of the multiple LSTM
models utilized for function extraction and header
derivation is interpreted in Figure 4.6. The table
below in Figure 4.7 shows the outcomes of the
LSTM training section.

Fig 13. LSTM effects

The VGG16-Xception framework is used to build
the anticipated picture features. To make the
LSTM version larger, the VGG16 weights are
frozen.

In this investigation, the labels in the test facts were
predicted by our model after it had been trained on
several categorized images and texts.

1odel: “model”

Layer (T

output shape Param #

fnput_1 (Inputiayer)

block1_convl (€

block1_convz

2, 112, &4) 8
2, 112, 128) 72855
2, 112, 128)
5, 58, 123) °

6, 56, 256) 295158
5, 58, 258) sseese
6, 56, 256) ssees0
28, 256) 2

28, 512) 1188160
28, 512) 2359808
28, 28, 512) 2353808
blacks_pool o0ling20) (Nene, 14, 14, 512) 2

blocks_c (None, 14, 12, 512} 2353808

bplocks_c (Nene, 14, 12, 512) 2359808

blocks_c D) (None, 14, 12, 512} 2353808

blocks_pool ooling20) (Nene, 7, 7, 512) °
flatten (Flatten) (None, 25858) 8
102764542

16781312

(nene, 1eee) 97008

Total params: 12,357,544
Trainable params: 138,357,544
Non-trainable params: @

Fig 14. VGG16 results



startseq man in black shirt and black shirt i standing in the street endseq

Fig 15. Trail Images and captions

As a result, they compare using an assessment
metric known as BLEU after conducting this
examination of schooling and examination
duration.

RED scale: It refers back to the titles in order to
understand the identity. Accepted dual language
understudy's evaluation.

This collection of guidelines is used to evaluate a
text translation engine's first-class performance.

true: black dog and spotted dog are fighting
pred: black and white dog is running through the snow

BLEU: 0.7598356856515925

true: man climbing rock wall

pred: man in red shirt is climbing

BLEU: 0.7598356856515925

Fig 16. Image caption predictions as opposed to
BLEU rating.

Our model was further developed to be more green
in order to enhance BLEU estimation. Tables V
and VI check results for the forecasts following the
change are shown below.

100 N (235552365 4450000, 4 9485

TABLE V: TEST DATA PREDICTIONS
SAMPLE

image-URL: Scots Gaelic speakers in 2011 census.png [SEP]
closest captions:

Sao Vicente do Penso [SEP] Escudo

Jocs Panamericans de 2011 [SEP] Guadal

Bois de pins et chenes de Madren [SEP] carte

Standard time in the United States [SEP] 1913
Hebrides[SEP]Geographic distribution of speakers(2011)

TABLE VI: TEST DATA PREDICTIONS
SAMPLE

image-URL: Thermopylae ancient coastline large.png [SEP]
closest captions:

Oberlin College [SEP] logo

Departmento de Flores [SEP] Escudo

Sekolah Menengh Kebangssan Selandar [sep] cny 4
Academia de Ciencias de Cuba [SEP] Sede.

Geothermal areas in New Zealand [SEP] Geyser Flat

From Table V and VI, These are the outcomes that
may be deduced from training and caption
predictions for test data.
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TABLE VII: FINAL TEST DATA
PREDICTIONS

1d Caption title predicted
0 Sao Vicente do Penso [SEP] Escudo
1 Oberlin College [SEP] logo

predict_caption(enc)

brown and white dog is running on grass'

Fig 17. Final predicted Image

predict_caption(ec)

group of people are walking around street

Fig 18. Final Predicted Image

VI. DEPLOYMENT

This is a method of putting our models in a
scenario where they might be applied to an online
service. VGG16-Xception and CNN LSTM
models are used to predict and analyze the data.
The model is set up and furnished. We used Tensor
and Bottle Follow the flow of our code to create the
test application. They expanded the project using
GitHub and Heroku.



IMA CAPTIONING
Generating captions for Images....
| Choose File | No file chosen predict caption

Fig 19. Web Page

Predicted Caption

a dog shakes its head near a red ball next to it .

Fig 20. Results

Predicted Caption

a crowd of people are looking at something . ..

Fig 21. Results

VIlI. CONCLUSION

Analysis of signatures in this text that match
linguistic and visual information. This was
accomplished in stages. In Phase 1, features from
the images were extracted using the VGG16-
Xception version, and they were then Injections
were done into the CNNLSTM form in order to
create and collect signatures in the experimental
data. The results are compared to the usage of the
call BLEU, and the model performed well with
these records. This version is prepared for
deployment in Phase I, and to deliver our final
product, the app design is reviewed for the use of
Code and delivered to the Heroku app.

VIl. FUTURE SCOPE
The image offers some improvements in
practically all complex areas of Al (artificial
intelligence). The usage of interest models and
multiple greedy search engines like Google can
similarly extend this. Because it has been a more
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well-known site for research recently, it may also
be used to create live captions, extract captions
from videos using colored text, and perform other
security-related tasks.
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