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Abstract— The primary purpose of image captioning is to generate a caption for an image.
Image captioning needs to identify objects in image, actions, their relationship and some silent
feature that may be missing in the image. After identification the next step is to generate a most
relevant and brief description for the image that must be syntactically and semantically correct. It
uses both computer vision concepts for identification of objects and natural language processing
methods for description. It’s difficult for a machine to imitate human brain ability however
research in this field have shown a great achievement. Deep learning techniques are enough
capable to handle such problems using CNN and LSTM. It can be used in many intelligent
control systems and IOT based devices. In this survey paper, we are presenting different
approaches of image captioning such as retrieval based, template based, and deep learning based
as well as different evaluation techniques..
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I.  INTRODUCTION

In the era of artificial intelligence, captioning of a natural
scene is a well-known research problem that helps to give a
description of an image. This research is crucial for various
reasons even big wings like Facebook, Google they are
using it, for locating where are you, what are you doing and
many more such activities. Image understanding need to
identity objects, action and relationships.

This is not more difficult to identity direct objects in image
however this is tough for machine to identity some silent
features like (people are waiting for train, however train is
not on platform). Generated sentence must be syntax wise
and semantic wise correct. A good understanding of an
natural scene is based on the obtained features of a given
natural scene. The technique used for this is extensively
separated into two sets (1) Conventional Machine Learning
Based Methods (2) DeepLearning Based Methods.

CNN-RNN framework-based image captioning technique
have two drawbacks in training phase. First drawback is
each caption gets equal importance without their individual
importance and second drawback is during caption
generation objects may not be correctly recognized.
EncoderDecoder framework, in this paper we have also
suggested called Reference based long short-term memory
(R-LSTM) that main aim is by implementing reference
information to give more descriptive caption for a query
image.

According to relation between image and words during the
training phase, different weights are assigned. In addition to
maximizing the agreement-score among the captions

produced through the captioning methods and the reference
data from the adjoining images of the intentional images that
can limit the issue of not recognize correctly an image.

Il.  RELATED WORKS

Neural Machine Translation by Jointly Learning to Align
and Translate. In this paper, we conjecture that the use of a
fixed-length vector is a bottleneck in improving the
performance of this basic encoder-decoder architecture, and
propose to extend this by allowing a model to automatically
(soft-)search for parts of a source sentence that are relevant
to predicting a target word, without having to form these
parts as a hard segment explicitly.

With this new approach, we achieve a translation
performance comparable to the existing state-of-the-art
phrase-based system on the task of English-to-French
translation. Furthermore, qualitative analysis reveals that the
(soft) alignments found by the model agree well with our
intuition.

ConceptNet — A Practical Commonsense Reasoning
Tool-Kit

ConceptNet is a freely available commonsense knowledge
base and natural-language-processing toolkit which supports
many practical textual-reasoning tasks over real-world
documents including topic-gusting, analogy-making, and
other context-oriented inferences.

The knowledge base is a semantic network presently
consisting of over 1.6 million assertions of commonsense
knowledge encompassing the spatial, physical, social,
temporal, and psychological aspects of everyday life.
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ConceptNet is generated automatically from the 700 000
sentences of the Open Mind Common Sense Project — a
World Wide Web based collaboration with over 14 000
authors.

. BACKGROUND OF STUDY
The advancement of artificial intelligence (Al) has
revolutionized the way we interact with technology, and one
of the most intriguing developments in recent years is the
creation of conversational chatbots integrated with image
recognition capabilities.

These systems combine natural language processing (NLP)
with computer vision to allow users to engage in a dialogue
while interacting with visual content. This integration has
tremendous implications for industries such as customer
service, healthcare, education, retail, and entertainment,
making technology more accessible and intuitive.

Evolution of Chatbots and Conversational Al

The development of chatbots dates back to the 1960s with
the creation of early systems like ELIZA, which utilized
simple rule-based interactions. Over the years, chatbots have
evolved significantly, moving from rule-based systems to
more advanced Al-driven models using machine learning
(ML) and deep learning. Today, chatbots powered by
natural language processing (NLP) have become ubiquitous
in customer service, social media, and other domains,
enabling efficient and scalable user interaction.

As NLP has improved, so have chatbots’ ability to
understand and generate human-like responses. However,
traditional chatbots were often limited to text-based
conversations and lacked the ability to process images,
limiting their potential in certain scenarios. Image
recognition is a subset of computer vision, which involves
the ability of a machine to interpret and understand the
content of images.

With advances in deep learning, particularly through
convolutional neural networks (CNNSs), image recognition
technology has become highly accurate and widely
applicable. This technology can now identify objects,
scenes, people, and even emotions from visual input, which
has opened up new possibilities for integrating image
analysis with conversational agents.

The integration of image recognition with chatbots allows
users to engage in rich, multimodal interactions. Users can
provide images for analysis, ask the chatbot questions about
visual content, and receive relevant responses based on the
content of the image. This capability has significant
implications for a variety of industries, such a from image
descriptions to visual denotations: New similarity metrics
for semantic inference over event descriptions

A growing body of research and development explores the
potential of combining conversational Al with image

recognition. Some studies focus on improving the accuracy
of image recognition algorithms, while others look at
optimizing NLP models for multimodal inputs. For example,
Google's Al-powered Google Lens integrates computer
vision and NLP, allowing users to search for information
related to real-world objects in photos.

IV. METHODOLOGY
Dataset:

Dataset Initially, our model was trained on Flickr30k dataset
with 31783 images with five captions each but owing to a
smaller number of training samples and every training
caption beginning with “A man ...” template, our model
failed to generalize, so we shifted to MSCOCO (2014)
training dataset with 82780 images, each with five ground
truth captions. For offline evaluation, we use the karpathy
split3. Although, this split of 5000 images is not a
standardized split, but it has been used by many researchers
to report their result.

Syntax Analysis:

Identification is done whether the grammatical rules are
being followed by the language or not. Some of the syntax
techniques frequently used is Parsing, Stemming, and
Lemmatization

Semantic Analysis:

Algorithms are applied to understand the meaning that NLP
is trying to convey. Some of the techniques involved in this
are Word sense Disambiguation, Named Entity Recognition
and Natural Language Generation (NLG)

V.  GENERATION OF SENTENCE WITH LSTM

The process of sentence generation in neural network is
taken from principle of encoder decoder in modeling of
network and machine translation. In this modeling, variable
sequence of words in natural language is mapped to
distributed vector by using encoder. Then, a new sequence
of words is generated by using decoder in natural target
language depending on mapped vectors. In training process,
the aim is to maximize chances of

Title
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perfect translation such that the sentence is in natural source
language. Applying this principle while generating the
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captions, the target is to maximize the amount of the image
caption generated given an image

Data visualization

A large amount of information represented in graphic form
is easier to understand and analyze. we will specify that a
data analyst must know how to create slides, diagrams,
charts, and templates. Sales-by-year, Supervised machine
learning, which we’ll talk about below, entails training a
predictive model on historical data with predefined
target answers. An algorithm must be shown which target
answers or attributes to look for. Mapping these target
attributes in a dataset is called labeling.

Data selection

After having collected all information, a data analyst
chooses a subgroup of data to solve the defined problem.
For instance, if you save your customers’ geographical
location, you don’t need to add their cell phones and bank
card numbers to a dataset. But purchase history would be
necessary. The selected data includes attributes that need to
be considered when building a predictive model

Data preprocessing

The purpose of preprocessing is to convert raw data into a
form that fits machine learning. Structured and clean data
allows a data scientist to get more precise results from an
applied machine learning model. The technique includes
data formatting, cleaning, and sampling.

Data formatting:

The importance of data formatting grows when data is
acquired from various sources by different people. The first
task for a data scientist is to standardize record formats. A
specialist checks whether variables representing each
attribute are recorded in the same way. The principle of data
consistency also applies to attributes represented by numeric
ranges

Dataset splitting

A dataset used for machine learning should be partitioned
into three subsets training, test, and validation sets.

Training set:

A data scientist uses a training set to train a model and
define its optimal parameters parameters it must learn from
data.

Test set:

A test set is needed for an evaluation of the trained model
and its capability for generalization. The latter means a
model’s ability to identify patterns in new unseen data after
having been trained over a training data

Model training:

After a data scientist has preprocessed the collected
data and split it into three subsets, he or she can
proceed with a model training. This process entails
“feeding” the algorithm with training data. An
algorithm will process data and output a model that
is able to find a target value (attribute) in new data
an answer you want to get with predictive analysis.
The purpose of model training is to develop a
model.

Model evaluation and testing:

The goal of this step is to develop the simplest model able to
formulate a target value fast and well enough. A data
scientist can achieve this goal through model tuning. That’s
the optimization of model parameters to achieve an
algorithm’s best performance.

VI.  RESULTS AND DISCUSSIONS

There are many datasets available for performing image
captioning. In literature most common used data sets are MS
COCO and flicker 8k and 30k. Moreover, for a text
description of specific task like in medical or traffic
movement description their own dedicated datasets are
created. the datasets along with their frequency in our
selected studies.

1) MSCOCO

MS COCO stands for common object in context. It is very
large dataset which contains 330k images, 1.5 object
instances and 5 captions per image. MS COCO is found to
be very widely used dataset in literature. It is very best
suited for image captioning because unlike other datasets it
contains non iconic images. Iconic images are those images
which contains only one object with a background whereas
non-iconic images contain various objects overlapping.
Object layout plays an important role in understanding
context of scene and that is very carefully taken care of
while labeling images

2) Deep learning networks:

Deep learning network used for images is Convolution
neural network. CNN has been proved best to map image
data into output variable.

There is various prebuilt model that take advantage from
this feature of CNN i.e. RCNN faster RCNN etc. these
models are used for object detection and localization in
images which is very necessary task in image captioning
since it’s not just classification task and understanding
image contents is necessary. Once image data is understood
there is need of predicting the sequence of words to generate
the text for that image. For sequence prediction two most
famous networks are Recurrent Neural Network (RNN) and
long short-term memory (LSTM).
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Result:

VIl.  CONCLUSION
we have explored the implementation of a Conversational
Image Recognition Chatbot using deep learning techniques,
specifically leveraging Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks
for image captioning. The chatbot aims to bridge the gap
between image recognition and natural language generation,
providing meaningful descriptions for images in a way that
is both syntactically and semantically coherent. Through
extensive literature research, we examined various image
captioning models, including retrieval-based, template-

based, and deep learning-based approaches.

Our model was trained using MSCOCO and Flickr30k
datasets, ensuring a diverse range of images and captions for
better generalization. The project successfully demonstrated
how neural networks, combined with advanced natural
language processing (NLP) techniques, can enable machines
to describe images accurately and meaningfully. One of the
key innovations of our approach is the implementation of
Reference-based LSTM (R-LSTM), which enhances caption
quality by dynamically assigning different weights to image
objects and their relationships during training.

This method improves accuracy compared to conventional

CNN-RNN models, which treat all captions with equal
importance, often leading to less context-aware descriptions.
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