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1

CHAPTER 1

INTRODUCTION

1.1 Overview

The fast development of artificial intelligence and deep learning techniques has brought

significant changes to the domains of computer vision and natural language processing, where

image caption generation has been introduced as an interesting research topic. Image caption

generation is the process of automatically generating text captions for images by merging visual

perception and natural language generation [1]. The idea behind image caption generation

systems is to allow machines to detect visual objects and actions in images as well as to describe

their relationships through language [2].

Figure 1.1: Evolution of Image Caption Generation System

On the other hand, with the growing number of digital images available through social

media, healthcare, surveillance, autonomy, and multimedia applications, there is a requirement

for intelligent systems that can understand visual data automatically. Image processing
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techniques were constrained in their ability to produce descriptions of the visuals with high

precision and contextual awareness. However, deep learning models, like CNN and LSTM,

have made great strides in this regard and have produced promising results with regard to

image captioning efficiency [3]. The objective of this research work is to design a CNN-LSTM

based image caption generation system using the Flickr8K Dataset, implemented with the help

of a Streamlit application.

1.2 Motivation

Motivation for the current work is due to increasing demands for intelligent systems

that understand the content of the image and can generate natural language descriptions

automatically.

• Problem 1: Semantic understanding of visual content. Although deep learning models

have made significant progress in terms of image captioning, semantic understanding

of complex scenes, object interactions, human actions, and other information present in

the images is still a difficult problem [4]. Currently used approaches generate generic

captions without providing semantic information.

• Problem 2: Generating context-aware and human-like captions. Existing methods

of caption generation fail to provide grammatically correct and context-aware natural

language descriptions for complex images [5]. Moreover, image captioning is heavily

reliant on large labeled datasets and complex deep learning architectures that pose further

challenges for training and deployment [6].

These two problems are interconnected to each other. While interoperability was found out

to be one of the key constraints to IoMT deployment, it does not only depend upon the hardware

component or the protocol of communication but also upon the software. Therefore, this

study endeavors to tackle these two problems in an all-embracing manner through a systematic

study of the constraints faced during IoMT deployments, followed by development of a defect

prediction framework for better software quality and interoperability [4].
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1.3 Problem Statement

Even with remarkable progress made in deep learning and computer vision, image caption

generation models continue to experience various difficulties in generating proper captions that

can explain the context of the images:

• Challenges in comprehending the intricate interactions, activities, and contextual data

within images.

• Need for massive annotated databases and computing power for successful training and

caption generation.

• Image processing methods are inadequate in generating human-like captions to describe

varied image scenarios.

Moreover, there is a challenge in generating grammatically correct captions with meaning

because of variations in image information. These problems have inspired researchers to

develop an effective image caption generation method using deep learning techniques and an

encoder-decoder framework.

1.4 Problem Solution

To address these problems, this thesis proposes a two-pronged research strategy:

• Comparative Study of Existing Image Caption Generation Techniques: One

contribution of this research makes a comparative study of different existing methods

of automatic image caption generation. Such methods include CNN-RNN architectures,

attention-based methods, transformers, and pre-trained models of vision-language tasks.

This work emphasizes the advantages, drawbacks, training data sets, and evaluation

metrics used by the existing models for automatic image captioning

• Deep Learning Based Image Caption Generation System: Another contribution

of this research develops the process of implementing an image caption generation

framework using the CNN-LSTM encoder-decoder approach. The process includes:

– Leveraging convolutional neural networks for the extraction of relevant visual

information from the input image.
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– Using LSTM neural networks for the process of caption generation and natural

language prediction.

– Training the proposed model on the basis of the Flickr8K data set for learning

image-text correlations and automatic caption generation.

– Creating a Streamlit-based web application enabling uploading of images for

dynamic generation of captions through an interactive user interface.

1.5 Objectives

• Conducting research on different techniques adopted for image caption generation such

as CNN-RNN,Attention,Transformer and Vision-Linguistic Pretraining.

• Model training and testing on the Flick8k dataset for generating context-aware captions.

• Development of web applications by adopting Streamlit for uploading images and

caption generation.

• Evaluation of the proposed method for generating context-aware captions.

1.6 Thesis Layout

The remaining organization of this thesis is as follows:

The technical background and literature review on image caption generation, computer

vision, and natural language processing will be presented in Chapter 2. This chapter will cover

advancements and changes in image captioning such as the use of CNN-RNN architectures,

attention mechanism, transformers, and pre-trained vision-language models. The chapter will

also present several essential datasets, evaluation measures, and current challenges of automatic

image captioning.

The proposed methodology and system architecture will be described in Chapter 3. This

section covers the methodology and architecture of the designed image caption generator

system, which involves image captioning dataset preprocessing, image feature extraction, text

preprocessing, text tokenization, and sequence generation. Moreover, the methodology and

architecture of using CNN-LSTM encoder-decoder architecture will be presented.
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The implementation of the proposed image caption generator system will be discussed in

Chapter 4. This chapter will provide information about the implementation environment, model

training setting, and training process. In addition, the integration of the developed streamlit

web app to generate dynamic captions for the uploaded images using the trained model will be

discussed.

The experimental results and the performance analysis of the proposed framework will

be discussed in Chapter 5. The captions produced by the framework will be analyzed using

appropriate analysis methods and qualitative analysis. In addition to that, the ability of the

model to produce captions that are context aware and semantically relevant based on various

inputs will be highlighted in Chapter 5.

In the end, Chapter 6 concludes the work with a summary of all the important findings

made during the research process. It also emphasizes the limitations. Moreover, the chapter

highlights future research possibilities like using attention mechanisms, transformers, and

pre-training of vision language models.
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CHAPTER 2

FUNDAMENTALS OF IMAGE

CAPTION GENERATION

Image Caption Generation Related Concepts Technologies are explained in detail in this

chapter. It provides an exhaustive description of image caption generation approaches, deep

learning models, image caption datasets, text preprocessing techniques, and metrics used

in modern day caption generation algorithms. It also sheds light on how convolutional

neural networks, recurrent neural networks, Long Short-Term Memory Networks, and

encoder-decoder architectures, which are the building blocks of automatic image caption

generation systems, work. Moreover, some of the most challenging issues like semantic

interpretation, context-based image caption generation, computational complexity, and

dependency on dataset are also elucidated. All of these technological underpinnings lay the

groundwork for the material covered in the ensuing chapters.

2.1 Image Caption Generation

2.1.1 Definition and Scope

Captioning an image refers to an AI technology which makes use of both computer vision and

natural language processing to automatically generate captions for images. Captioning aims

not only at recognizing objects in the image, but also at understanding the relationship between

them, their actions, and their attributes, as well as generating descriptions for the whole image

context. Thus, it can be said that captioning is an area where computer vision meets natural

language generation.

4
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Earlier captioning techniques used template-based and retrieval-based strategies for caption

generation. In template-based techniques, the generated captions followed a pre-specified

structure, while in retrieval techniques, captions were retrieved from a database based on

images that were visually similar to the one being captioned. These techniques were

easy to implement, but flexible and lacked understanding of the context. However, with

the development of deep learning algorithms, encoder-decoder models revolutionized image

captioning.

Image caption generation techniques used in the modern era are based on the use of

CNNs to extract visual information from images and RNNs such as LSTM networks that help

generate captions in a sequential manner. Recent innovations include attention-based methods,

transformers, and the pre-training of vision and language models that enhance the performance

of image caption generation systems.

The application scope of image caption generation includes various real-life systems,

including assistance systems for visually impaired persons, intelligent image retrieval

systems, multimedia indexing systems, surveillance systems, analysis of social media content,

autonomous vehicles, and human-computer interaction systems. As image caption generation

is a significant research topic, much effort has been made to improve its performance.

2.1.2 Key Components

An image caption generation system generally consists of the following key components:

• Feature Extraction from Image: Features from the images are extracted using

CNN-based models like VGG16, ResNet, or Inception models. These features consist

of significant objects and spatial information in the input images.

• Module for Text Processing: Tokenization, vocabulary construction, sequences

generation, and padding are some of the pre-processing steps performed on the text data

to make it suitable for the training phase of the model.

• Generation of Sequence Models: RNNs or LSTM models can be used to generate

captions for each image sequentially by predicting each word based on the extracted

image features and previously generated words.

• Encoder-Decorder Framework: The encoder takes images as input and encodes them24

30

Page 13 of 52 - Integrity Submission Submission ID trn:oid:::27535:140072361

Page 13 of 52 - Integrity Submission Submission ID trn:oid:::27535:140072361



8

into feature vectors, while the decoder takes these features as input and decodes them

into natural language captions.

• Evaluation Metrics: BLEU, METEOR, ROUGE, CIDEr and SPICE

Figure 2.1: Key Components of Image Caption Generation System

2.1.3 Applications

Image caption generation has numerous applications across various domains, including:

• Systems for helping visually challenged people via automatic image captioning.

• Image search and multimedia indexing systems that automatically interpret images.

• Social networking sites that automatically generate captions for their content and

recommend posts.

• Security and surveillance systems that automatically interpret scenes and monitor events.

• Autonomous robots that automatically understand their environment and communicate

with humans.

• Human-computer interaction systems that use natural language processing and computer

vision.
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2.2 Challenges in Image Caption Generation

2.2.1 Semantic Understanding

The other problem with generating captions about images is that of semantic understanding

of the content contained in the pictures. In a picture, one may have many objects, actions,

scenes, and even relationships within them. While image classification models concentrate on

recognizing objects in images, caption generation needs much more detailed understanding

of the images and their context. Some problems with deep learning algorithms are the

lack of semantic understanding in complex pictures with overlapping or unusual objects.

Such difficulties with object recognition may result in faulty or incomplete image captions.

Moreover, recognizing actions and emotions and understanding how the objects relate to each

other poses another issue.

Another problem with generating captions about images is related to the ambiguity that

exists in some images, which makes it possible to describe the same image in different ways.

Indeed, the captions about the image generated by humans will also vary since they depend on

how one perceives the image.

2.2.2 Contextual Caption Generation

Creating contextually relevant and grammatically meaningful captions is another difficulty

that needs to be overcome in image caption generation. A good image caption generation

system should not just identify the entities that exist in an image, but it should also produce

coherent sentences that are able to properly convey the relationships between the entities and

their interactions in the image.

A common issue in previous approaches to caption generation is the production of generic

sentences, which do not include contextually relevant information about the image. For

instance, previous captioning models can produce sentences like “a man standing” rather than

“a man standing next to a bicycle on a busy road”. The problem arises because most systems

fail to account for long-term contextual relationships between visual cues and generated words.

Additionally, another challenge posed when generating captions sequentially is that of

creating grammatically correct sentences, which is quite challenging, particularly for more

complex images.
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2.2.3 Dataset and Computational Challenges

Creating the image captions requires a lot of information that will need to be adequately labeled.

Creating the datasets needed can also prove to be quite expensive due to the fact that every

description that is required will need to be manually prepared. Failure to create diverse datasets

may negatively impact the results.

In addition, the computational complexity of training algorithms for image captioning also

presents some challenges. Modern captioning models rely heavily on the use of dedicated

hardware, including GPUs and large amounts of memory. Unoptimized usage of computational

resources would result in prolonged training time.

Moreover, issues such as data imbalance and data inconsistency may pose a problem during

the learning process. Models that have not been properly designed using small datasets will

fail in their operations when faced with new images. Hence, more attention should be placed

on creating computationally efficient models that are able to generate accurate descriptions in

difficult circumstances.

2.3 Deep Learning in Image Captioning

2.3.1 Artificial Neural Network

An artificial neural network is an information-processing architecture inspired by biological

neural networks’ structure and functioning. ANNs consist of many interconnected units known

as neurons that work together to identify patterns and relationships in data. Neural networks

excel in complex processes such as classification, prediction, image recognition, and natural

language processing through extensive learning.

The standard architecture of an artificial neural network involves an input layer, some

hidden layers, and an output layer. The neurons take up inputs, weight them and activate them

to produce output values passed to the next layer. During the training phase, the artificial neural

network adjusts its weightings using methods such as gradient descent and backpropagation.

The use of artificial neural networks is what forms the backbone of the deep learning

approach that is used to extract information from visuals and write captions. The most advanced

neural network architectures, such as convolutional and recurrent neural networks, are heavily

used for this purpose.

12

14

29
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2.3.2 Convolutional Neural Networks (CNN)

CNNs, short for Convolutional Neural Networks, are deep learning models created especially

for image processing and computer vision tasks. CNN models can perform very well when

it comes to extracting visual features such as edges, textures, shapes, or objects in the image.

What makes CNNs more attractive than traditional image processing approaches is the ability

to learn hierarchical visual features automatically.

The typical architecture of a CNN model includes convolution layers, pooling layers,

activation function, and finally fully connected layers. While convolution layers extract

visual patterns by applying filters to images, pooling layers are responsible for reducing the

dimensions of data to make computations easier. Non-linear activation functions such as ReLU

introduce non-linearity to the model and allow learning of complex patterns.

For the task of generating captions based on input images, CNN models are usually

employed as encoders inside the encoder-decoder architecture. The main idea behind the

encoder part of the model is to extract features out of the image, which is done by using one of

the popular CNN models such as VGG16, ResNet, and Inception.

2.3.3 Recurrent Neural Networks (RNN)

The Recurrent Neural Network is an artificial intelligence model that uses a sequence of

information to train itself. It is usually used for sequential information such as images, speech,

and text. The difference between this and conventional neural networks is that it stores the

memory of the past and learns from it when dealing with sequential information.

It processes the input sequence one-by-one but retains the information about its hidden

states from the preceding step. These abilities make it ideal for natural language processing

applications such as language modeling, machine translation, and text generation. In image

captioning, the recurrent neural network creates captions for an image by generating a

word-by-word basis using the features of the image and previous words.

2.3.4 Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) networks represent a unique type of recurrent neural

networks tailored to address inherent restrictions of typical RNNs. Specifically, LSTM

networks allow learning of long term dependencies in data and maintenance of information

1

1
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within memory cells for a considerable time period due to a special network structure with

gates.

An LSTM network includes three significant gates: an input gate, a forget gate, and an

output gate. Gating ensures proper flow of input/output information to/from memory cells and

allows forgetting unnecessary information and maintaining only crucial data. Thus, thanks

to gating techniques, LSTMs can successfully tackle problems related to long sequential

dependencies.

In many image caption generation models, LSTMs are extensively applied as decoders for

generation of captions sequentially. After receiving visual features from a CNN-based encoder,

an LSTM network produces word-by-word captions until the entire sequence is predicted. As

a result, LSTM-based models represent popular solutions for image captioning problems due

to effective modelling of contextual information in sequences.

2.4 Encoder-Decoder Architecture

2.4.1 Encoder Network

The task of the encoder network is to extract visual features from the input image and generate

a compact representation of these visual features that can then be utilized by the decoder

network. Image caption generator networks typically use CNN models as encoders due to

their effectiveness in capturing visual features and object recognition.

Convolution and pooling operations are performed in the encoder network to detect

significant visual features such as objects, textures, shapes, and their relationships in the input

image. The output generated by the encoder network is a high-dimensional vector which

represents important visual features from the input image.

Pre-trained deep learning models like VGG16, ResNet, and Inception have been used

extensively as encoder models owing to their training on large-scale image datasets and ability

to learn generalized visual features. Image caption generator models make use of encoders to

capture visual features which are then fed to the decoder for generating captions sequentially.

21

34
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2.4.2 Decoder Network

The decoder network produces natural language descriptions using the visual features learned

by the encoder. Recurrent neural networks and LSTM networks are the most frequently used

types of decoders in image captioning applications since they can handle sequential information

efficiently.

During the captioning phase, the decoder network utilizes the learned visual features as an

input to produce natural language descriptions of images. The decoder network produces the

next word in the caption based on the current input word, past hidden states, and visual features.

This process repeats itself in a sequential fashion until an end-of-sentence token is generated,

indicating that the captioning is complete.

LSTM networks are very much preferred for use as decoders because of their ability to

learn long-term dependencies within sequences. The memory structures in these networks are

useful in ensuring that the generated captions make sense. The decoder network serves as the

language generator in the encoder-decoder framework.

2.4.3 CNN-LSTM Framework

CNN-LSTM architecture is one of the widely-used encoder-decoder models in automatic image

caption generation applications. In such an architecture, convolutional neural networks serve

as encoders for capturing the visual elements of the images, whereas long-short-term memory

(LSTM) network serves as a decoder for creating the corresponding captions.

In a typical process flow of the CNN-LSTM architecture, first, the input image goes through

the process of pre-processing. Thereafter, the pre-processed input goes through the encoder

part of the CNN-LSTM architecture, which extracts the relevant features from the image. The

output from the encoder gets passed to the decoder as the input along with some textual inputs

during the training phase.

The LSTM network learns from the relationship between the extracted image features and

textual inputs. It creates the captions for the images by predicting the next word based on the

previously predicted words. During the prediction process, the network starts the creation of

the caption with a predefined starting token, after which it continuously predicts the subsequent

tokens until an end token is encountered.

Due to its success in image caption generation, the CNN-LSTM architecture is considered

31
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one of the most effective deep learning architectures.

2.5 Image Captioning Datasets

The use of datasets is vital for image caption generation systems. Captioning datasets typically

comprise images along with various textual descriptions generated by humans to allow deep

learning models to establish associations between visual attributes and language. The size

of annotated datasets helps captioning models become proficient at comprehending different

scenes and objects in images. There are various datasets used for testing image captioning

techniques.

2.5.1 Flickr8K Dataset

Flickr8K is one of the most frequently used datasets to test image caption generation models.

It includes about 8,000 images that have been taken from the Flickr website. In addition, it

is worth mentioning that all the images include five captions written by people who described

different objects, actions, and people that are visible on the pictures.

This data set is structured in such a way that it provides separate training, validation, and

testing subsets to train and evaluate different models. It includes photos that can be considered

common in daily life as well as sports, landscapes, and scenes with animals and humans. Given

its rather small size when compared to other databases, Flickr8K is often used in scientific

research and educational purposes.

In the suggested image caption generation model, the Flickr8K database is used to train and

test the CNN-LSTM model. At first, all the captions are processed with the help of tokenization,

vocabulary creation, and sequence padding methods.

2.5.2 Flickr30K Dataset

Flickr30K is an expanded version of the Flickr8K dataset, which consists of about 31,000

images annotated with five textual descriptions for each picture. Unlike the Flickr8K dataset,

the Flickr30K dataset allows learning models to explore complex semantic relations between

images and their textual descriptions due to the increased variability in the scenes and textual

content.
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This dataset contains pictures depicting various objects, events, and detailed scene

descriptions. It is mainly utilized for training deep-learning image caption generation models,

specifically attention-based and multimodal learning models. With the increase in the number

of images and descriptions, the generalization ability of such models increases.

Due to its extensive annotations and high image diversity, Flickr30K is considered one

of the best benchmark databases for image captioning and computer vision research. It is

commonly employed for evaluating and comparing the effectiveness of various captioning

models.

2.5.3 MS COCO Dataset

One of the most widespread and well-known datasets applied for computer vision research

and applications regarding image captioning is Microsoft Common Objects in Context (MS

COCO). It includes more than 120,000 images of several classes of objects together with five

human captions that describe their contents. Images of the MS COCO dataset are supposed to

depict complex real-world scenes containing numerous objects interacting with each other.

The dataset can be applied for conducting different computer vision tasks such as object

recognition, image segmentation, image classification, and image captioning. In contrast to

Flickr images, those of MS COCO are characterized by high diversity and complexity. They

can serve perfectly well as training sets for deep learning models.

This dataset is frequently used by researchers when they want to test new image captioning

models because of its large number and rich annotation. Attention mechanism, Transformer

model, and vision-language pre-trained models are commonly trained on this data.

2.6 Text Processing Techniques

Text preprocessing is a very important stage in the task of image captioning as the deep neural

networks cannot process textual information directly. Various approaches are employed to

convert the textual information into numeric form. [16].

2.6.1 Tokenization

The term tokenization is used for splitting the textual description into tokens, which are nothing

but words or sub-words. Each word in the caption is split and stored in a machine readable
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format [17]. This helps in training the deep learning model about the dependency between

words and images.

2.6.2 Vocabulary Generation

The generation of vocabulary refers to the creation of a set of unique words contained in the

training captions. Each unique word is then assigned an index in numeric form to help in

transforming textual information to numeric sequences [18]. The generation of vocabulary

directly influences the performance of the captioning models.

2.6.3 Sequence Padding

In deep learning algorithms, the size of the inputs should be consistent. This means that

sequence padding is used to make sure that the size of all caption sequences is the same. This

is achieved by padding the sequences with extra symbols, referred to as padding tokens [19].

2.7 Evaluation Metrics

Various evaluation metrics have been designed in order to determine the accuracy and

effectiveness of automatically generated captions in comparison to human-created captions.

Such metrics provide insights into determining the quality and grammatically correctness of

the caption generation process [20].

2.7.1 BLEU Score

One such commonly used metric for measuring the effectiveness of the image captioning

process is the BLEU score (Bilingual Evaluation Understudy). It calculates the similarity

between the generated captions and human-created references based on n-grams [21].

2.7.2 METEOR Score

METEOR (Metric for Evaluation of Translation with Explicit Ordering) measures the generated

captions through the use of precision, recall, stemming, and synonyms matching [22]. Unlike

the BLEU metric, the METEOR metric has been found to offer higher correlation with human

judgement and semantics.

19
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2.7.3 ROUGE Score

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) is a metric that measures

the similarity between generated captions and reference captions based on recall-oriented

comparison techniques [23].

2.7.4 CIDEr Score

CIDEr (Consensus-based Image Description Evaluation) is particularly tailored for tasks

related to generating image captions. It evaluates the similarity of machine-generated captions

with respect to multiple human-generated captions by taking into account term frequency and

consensus features [24]. CIDEr is widely used for assessing contemporary image captioning

models because of its powerful semantic evaluation ability.

2.8 Summary

This chapter has highlighted the basic technical knowledge required for image caption

generation and deep learning-based image caption generation approaches. An overview of

the concept of image caption generation, its difficulties, use cases, and core building blocks

has been provided in this chapter. Moreover, advanced deep learning approaches used

in state-of-the-art image caption generation systems have been explained. Some of these

approaches include ANN, CNN, RNN, and LSTM.

The proposed approach uses an encoder-decoder model and CNN-LSTM architecture for

generating image captions. In addition to these concepts, the chapter also highlights some of the

commonly used benchmark datasets for evaluating image caption generators. These datasets

include Flickr8K, Flickr30K, and MS COCO. Text preprocessing and evaluation measures used

for image caption generation problems are also included.

9
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CHAPTER 3

LITERATURE REVIEW

This chapter brings into focus yet another important aspect of this research work, which is the

comprehensive survey of various methods of image caption generation, deep learning models,

data sets, and evaluation criteria used by current image caption generation systems. The goal

of this survey is to explore the development of image caption generation methods from simple

template-based methods to sophisticated transformer and vision-language pretrained models.

In addition, some of the important challenges faced by researchers in this field include semantic

understanding, context-aware image caption generation, computational complexity, and data

set dependency. Based on an extensive literature review of recent research works, this chapter

explores some limitations and research gaps.

3.1 Introduction

Image caption generation, which is a combination of computer vision and natural language

processing, has become one of the main areas of artificial intelligence research. The main

idea behind image caption generation is to create an informative description of images using

deep learning and computer vision techniques that identify objects, actions, and relationships

between various elements presented in visual content. Throughout the years, image caption

generation techniques have developed from template-based and retrieval-based methods to

more sophisticated approaches such as CNN–RNN, attention mechanisms, transformers, and

vision-language pre-trained models.

Caption generation for images has been applied to several areas such as assistive devices

for visually challenged people, intelligent image searching, surveillance systems, self-driving

cars, multimedia analysis, and human-computer interaction. While much has been achieved,

3
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there are some difficulties that remain unsolved such as computational complexity, dataset

generalization issues, semantic conflicts, and the discrepancy between automatic evaluation

criteria and human assessment. In order to enhance caption generation methods further, recent

studies have been concentrated on incorporating novel methods such as multimodal learning,

attention mechanism, reinforcement learning, and vision-language models like CLIP and BLIP

[6].

3.1.1 Template-Based Approaches

One of the most basic techniques for automatic image caption generation is template-based

methods. In template-based image captioning, caption generation is done using predefined

sentence templates along with the object, action, and attributes present in the image. The

structure of the caption is manually determined, but the words used in the caption are inserted

depending on the information extracted from the image. In template-based image captioning,

an image is initially analyzed using object detection and image classification techniques in

order to detect people, animals, objects, and actions. Once the visual information is extracted

from the image, then grammatical rules and predefined templates are used for generating the

caption. For instance, one possible template for caption generation could be ’A person is riding

a bicycle’.

One of the key advantages of template-based methods is that they are simple and

computationally efficient. In addition, the methods are not very difficult to implement and

generate accurate sentences if the templates are designed well. Moreover, the template-based

approaches need comparatively lesser training data and computational power than deep learning

approaches.There are a number of drawbacks associated with template-based methods. As

the captions are created based on pre-defined sentence structures, the output captions lack

flexibility and context-awareness. The method is ineffective for describing images that contain

multiple objects and interactions. Moreover, the captions created using the template-based

approach are repetitive and do not seem natural as they depend entirely on predefined sentence

templates [1].

In order to overcome these drawbacks, template-based methods gave way to retrieval-based

and deep learning-based image caption generation techniques.
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3.1.2 Retrieval-Based Approaches

In retrieval-based methods, an image caption is created using the process of retrieval of captions

from images that share visual similarity in a pre-defined dataset. Here, visual features are

extracted from the input image and compared with other images stored in the dataset in order to

find out the most similar images. Captions corresponding to those images are used in some way

to create the output caption. Since they use human-crafted captions, retrieval-based methods

tend to create grammatically correct captions. Nevertheless, they are highly dependent on the

quality of the dataset and the similarity comparison methods used. They cannot create captions

for unseen images very well.[55]

3.1.3 CNN–RNN Based Models

CNN–RNN models are among the oldest and most common deep learning architectures

employed for image caption generation. This model makes use of convolutional neural

networks to extract visual features from images and recurrent neural networks or long-short

term memory neural networks to generate captions word by word. The CNN network extracts

visual features such as objects and other features from an image, whereas the RNN network

generates captions according to the visual features extracted. CNN-RNN models have shown

significant improvements in caption generation when compared to other models. But they fail

to capture long-range dependencies and context in image scenes [1, 5].

3.1.4 Attention-Based Models

Attention-based models enhance the performance of conventional encoder-decoder models

by allowing the model to concentrate on relevant parts of the image while producing the

corresponding word in the caption. Rather than relying on a static image feature vector,

attention-based models dynamically weight visual features according to their relevance when

producing the caption sequentially.[21] This method enhances the contextual relevance of

the model and improves semantic accuracy, particularly in cases where the image contains

several objects interacting with one another. Attention-based models produce richer and more

contextually relevant captions than conventional CNN-RNN methods.[7]

2

10
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3.1.5 Transformer-Based Models

Transformers use self-attention methods to identify the interrelationships between visual and

textual information in image captioning. Unlike recurrent neural networks, transformers use

parallel processing to facilitate training and learn long-term dependencies more efficiently

[25]. The transformer-based model produces more accurate captions because it can model

the contextual interrelationships between the visual and textual information in an effective

way[30]. Transformer models have shown state-of-the-art results in many image captioning

tasks. Nonetheless, the success of transformer models depends on huge amounts of data and

computational resources[19,21].

3.1.6 Vision–Language Pre-trained Models

Vision-Language Pre-Trained Models are sophisticated multimodal neural networks that are

trained using image-text multimodal datasets to obtain common representations between

visual and textual data. The pre-trained vision-language models such as CLIP and BLIP

enable the improvement of image captioning through better cross-modal comprehension

and semantic alignment between image and caption. These models exhibit excellent

generalization abilities and generate very contextually relevant and accurate captions for

images. Vision-Language Pre-Trained Models have made considerable progress in modern

image captioning. Nonetheless, their training involves substantial multimodal datasets,

computational resources, and optimization steps. [6, 14].

3.2 Comparative Analysis of Existing Techniques

From the advancement of the caotioning methods, one can easily notice how the paradigm

of creating image captioning methods has changed from the manual development of image

captioning techniques to using deep learning and multimodal learning-based image captioning

methods[22]. Template and retrieval based systems have proven to be very efficient. However,

they are unable to generate image captions based on contextual analysis of complex images.

The rise of CNN-RNN encoder-decoder framework marked the arrival of a new image

captioning generation because of their ability of automatic learning of visual and linguistic

knowledge[1].

7
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Attention mechanisms offered another step towards improvement of image captioning

models by enabling them to attend to relevant parts of an image while generating captions.

Attention-based models have proven their efficiency in capturing semantics and context,

especially when images contain multiple interacting objects [7]. Transformer models and

vision-language pre-trained models like CLIP and BLIP have shown superiority in recent

times owing to their ability to capture long-range dependencies and multimodal features

from images and text [14, 21].However, problems like excessive reliance on the data size,

computational complexity and weak generalization continue to exist in tasks related to image

caption generation.

3.2.1 Theoretical Comparative Study

Table 3.1: Comparative Analysis of Image Caption Generation Techniques

Ref. Technique Description Limitations

[43] Image Caption

Generation Using

Deep Neural

Networks

Relies on CNN to extract

image features and LSTM

to generate textual captions

automatically.

Limited contextual

understanding of complex

scenes and object

relationships.

[12] Reinforcement

Learning

Based Caption

Generation

Uses image–text matching

and reinforcement learning for

semantic caption generation.

Training process is

computationally expensive

and difficult to optimize.

[67] Multimodal

Large Language

Captioning

Framework

Integrates visual and textual

representations using

multimodal large language

models.

Requires extensive

multimodal training data

and GPU resources.

[8] CLIP Guided

Reinforcement

Learning Model

Uses CLIP-based semantic

guidance for generating

distinctive captions.

Model complexity increases

significantly during training.

3
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Ref. Technique Description Limitations

[54] BLIP Fine-Tuned

Captioning

Framework

Combines BLIP architecture

with LLM correction for

refined caption generation.

Depends heavily on

pre-trained language models

and annotated datasets.

[21] CNN–RNN

Encoder–Decoder

Model

Applies CNN for feature

extraction and RNN

for sequential language

generation.

Difficulty in capturing

long-range contextual

dependencies.

[39] Attention-Based

Image Caption

Generation

Model

Introduces visual attention

mechanisms for focusing on

important image regions.

Requires larger training

datasets and increases

computational complexity.

[5] Deep

Visual-Semantic

Alignment Model

Learns semantic relationships

between visual features and

textual descriptions.

Semantic alignment

performance degrades

on highly complex images.

[71] Meshed-Memory

Transformer

Model

Uses transformer architecture

with memory attention for

caption generation.

Transformer training

requires high memory

consumption and large

datasets.

[18] Transformer-Based

Image

Captioning

Framework

Captures global textual and

visual dependencies using

transformers.

Computationally intensive

for large-scale image

datasets.

[63] Bottom-Up

and Top-Down

Attention Model

Combines object detection

and attention mechanisms for

caption generation.

Performance highly

depends on object detection

accuracy.

[27] Semantic

Attention

Captioning

Model

Generates semantically rich

captions using semantic

attention learning.

Limited performance on rare

objects and unseen scenes.

5
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Ref. Technique Description Limitations

[49] Adaptive

Attention with

Visual Sentinel

Dynamically selects image

regions during sequential

caption generation.

Complex architecture

increases training time and

tuning difficulty.

[3] Hierarchical

Attention

Network

Uses hierarchical attention

for long and context-aware

sentence generation.

Difficulty in maintaining

grammatical consistency for

long captions.

[58] Vision–Language

Pretraining

Framework

Improves multimodal

learning through large-scale

vision–language pretraining.

Requires massive datasets

and expensive training

infrastructure.

[33] Medical

Image Caption

Generation using

GPT

Uses transformer-based

language models for medical

image descriptions.

Medical caption accuracy

depends on domain-specific

annotated datasets.

[74] Attention Guided

CNN–LSTM

Framework

Enhances caption quality

using visual attention and

CNN–LSTM architecture.

Limited contextual

understanding in crowded

visual scenes.

[14] Deep Learning

Caption

Generation

System

Uses deep neural networks for

automated image description

generation.

Generated captions may

lack semantic diversity.

[60] CLIP-Driven

Difference

Captioning

Transformer

Generates captions describing

differences between image

pairs using CLIP.

High dependency on

multimodal pretraining and

transformer optimization.

[31] Dense

Captioning

Framework

Generates localized captions

for multiple image regions

simultaneously.

Region-level captioning

increases computational

complexity.

[52] Visual

Question-Aware

Captioning

Model

Integrates caption generation

with visual reasoning

mechanisms.

Requires large annotated

multimodal reasoning

datasets.
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Ref. Technique Description Limitations

[9] Contrastive

Vision–Language

Captioning

Model

Uses contrastive learning

for improving image-text

representation alignment.

Sensitive to negative sample

selection during training.

[46] Semantic Guided

Transformer

Captioning

Uses semantic embeddings

and transformers for

contextual caption generation.

Requires extensive

parameter tuning and

computational resources.

[25] Hybrid

CNN–Transformer

Framework

Combines CNN feature

extraction with transformer

sequence modeling.

Hybrid architecture

increases training and

inference complexity.

[69] Context-Aware

Image

Captioning

System

Generates captions

using contextual scene

understanding techniques.

Fails to generalize

effectively on unseen

environments.

[37] Self-Supervised

Image

Captioning

Model

Learns image caption

generation without fully

labeled datasets.

Lower caption accuracy

compared to supervised

methods.

3.3 Dataset Comparative Study

The importance of using datasets while working on image captioning systems cannot be

undermined as the images and their respective captions are essential in training deep learning

algorithms. The effectiveness and generalizability of image captioning models depend on the

characteristics of the dataset used. Contemporary image captioning literature mainly depends

on the use of image text datasets that have multiple human-made captions per image ,[10].

There are many popular datasets being used in the field of image captioning, but among

all, MS COCO is one of the largest and most comprehensive benchmark datasets. The

dataset is extensively used to train transformer-based and attention-based image captioning

models,[25,55]. Flickr8K and Flickr30K datasets are commonly used for academic research

and CNN–LSTM based caption generation systems because they provide high-quality captions
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with comparatively lower computational requirements. In contrast, synthetic datasets such as

CLEVR are specifically designed for reasoning and scene understanding tasks in advanced

transformer architectures[45].

Table 3.2 presents a comparative analysis of commonly used datasets in image caption

generation research, including their descriptions, dataset size, data type, and research

applications.

Table 3.2: Dataset Comparative Study for Image Caption Generation

Ref Dataset

Name

Description No. of

Images

Data

Type

Usage in Study

[4, 9,

13]

MS

COCO

Large-scale dataset

containing complex

scenes with multiple

objects and five

captions per image.

∼120,000 Image–Text Widely used

for training

deep learning,

attention-based, and

transformer-based

caption models.

[3, 17] Flickr8K Dataset of Flickr

images with multiple

human-written

captions describing

objects and actions.

∼8,000 Image–Text Used for training

and evaluating

CNN–LSTM based

caption generation

models.

[3, 7,

15]

Flickr30K Extended Flickr

dataset with five

captions per image

and detailed scene

descriptions.

∼31,000 Image–Text Used in

attention-based

and multimodal

caption generation

research.

[19] CLEVR

Dataset

Synthetic dataset

designed for

reasoning and scene

understanding tasks.

∼70,000+ Synthetic Used in

transformer-based

models for reasoning

and difference

caption generation.

Page 32 of 52 - Integrity Submission Submission ID trn:oid:::27535:140072361

Page 32 of 52 - Integrity Submission Submission ID trn:oid:::27535:140072361



27

3.4 Performance Metrics Comparison

The component of performance evaluation is very important in the study of image captioning

because it allows for quantification of the quality, semantics and context of the produced

image captions. Some of the metrics that can be utilized for evaluating different approaches

to image caption generation include BLEU, METEOR, CIDEr, ROUGE-L, and SPICE. These

automatic metrics compare automatically generated captions against human-written captions in

order to assess the performance of the model. Classic encoder-decoder architectures based on

CNNs and LSTMs were capable of delivering high baseline performance in automatic caption

generation. However, attention-based and transformer-based approaches have proved to be

more effective due to improved context understanding and long-term dependencies learning.

More recently, pre-trained multimodal architectures, such as CLIP and BLIP, have shown even

better results due to superior multimodal representations and cross-modal semantic alignment.

Even though automatic evaluation metrics provide objective quantification of the quality of

generated captions, there can still be differences between automatic and human evaluations.

Therefore, modern image caption generation research uses several evaluation metrics at once.

The table below provides a comparative performance analysis of different image caption

generation approaches using popular evaluation metrics.

Table 3.3: Performance Comparison of Image Caption Generation Techniques

Ref Image Caption Generation

Technique

BLEU METEOR CIDEr ROUGE-L SPICE

[5, 17] CNN–LSTM

Encoder–Decoder Caption

Model

0.60 0.24 0.80 0.52 –

[7, 8] Attention-Based Image

Captioning Model

0.66 0.26 0.90 0.55 –

[2, 15, 17] Deep Learning Based

Caption Generation Model

0.64 0.25 0.85 0.53 –

[21] Transformer-Based Caption

Generation Model

0.71 0.28 1.02 0.57 0.19
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Ref Image Caption Generation

Technique

BLEU METEOR CIDEr ROUGE-L SPICE

[6, 13, 14] Vision–Language

Pre-trained Caption Model

0.74 0.30 1.10 0.59 0.21

[19] CLIP-Based Difference

Caption Generation Model

0.72 0.29 1.05 0.58 0.20

3.5 Research Gaps and Challenges

Even though there have been tremendous improvements made in image captioning tasks, some

challenges need to be addressed to enhance the efficiency of this process further. First, it

is crucial to note that it is challenging to create a model capable of recognizing and analyzing

complex images with multiple objects and interactions between them. Existing solutions cannot

properly detect fine-grained visual information or recognize the contextual interdependencies

of various elements within the picture. The second problem concerns the necessity to rely on

enormous multimodal datasets and significant computational capabilities while building more

advanced models based on deep learning and transformers. Although modern vision-language

pre-trained models are very efficient, they require a lot of resources for their implementation.

Image caption generation systems should be evaluated using relevant metrics, although

they may not fully correlate with human perception and semantic understanding. For example,

BLEU, METEOR, CIDEr, and ROUGE-L metrics may show good results while the actual

semantic accuracy or naturalness of language are far from ideal. Thus, developing new methods

to evaluate the quality of captions is also a relevant area of research. Moreover, existing models

often lack generalization and may be biased by the datasets they were trained on.

3.6 Summary

This chapter provided an overview of existing image caption generation approaches along

with a comparison study based on theory, datasets, and metrics to evaluate the efficiency of

image caption generation methods. Various approaches such as template-based, retrieval-based,

CNN-RNN, attention-based, transformer-based, and vision-language pre-trained models were

introduced along with their strengths and weaknesses.
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In addition, benchmark datasets and performance evaluation metrics that are used for image

caption generation studies were discussed. Moreover, some challenges and research gaps such

as semantic understanding, dependence on datasets, computational cost, and evaluation metrics

were pointed out. These details lay the groundwork for the methodology and proposed image

caption generation system described in the next chapters.
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CHAPTER 4

DESIGN AND IMPLEMENTATION OF

IMAGE CAPTION GENERATION

SYSTEM

This chapter describes the development of the image caption generator application based

on deep learning algorithms. In particular, the application is designed to automatically

generate meaningful textual descriptions for images using computer vision and natural

language processing approaches. As a result, the proposed framework uses a CNN-LSTM

encoder-decoder structure where convolutional neural networks are used for feature extraction

of images and LSTM networks for caption generation. The implementation of the proposed

system includes several steps such as dataset creation, image preprocessing, text preprocessing,

tokenization, vocabulary creation, feature extraction, sequence creation, model training, and

caption prediction. The Flickr8K dataset is selected for training and evaluation purposes

because it provides multiple captions per each image. A pre-trained CNN model is used for

extraction of meaningful image representations that serve as input data for the LSTM decoder.

Besides model training, the proposed application allows uploading images and generating

captions for them using a pre-trained deep learning model. This chapter describes the

motivation behind the proposed system, implementation details, preprocessing steps, model

architecture, and deployment process.

5
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4.1 Introduction

Caption generation from images is a very intriguing problem in the field of artificial intelligence

where automatic caption generation takes place for images by the means of computer vision

and natural language processing technologies.

• Semantic Understanding: The image captioning system might not have proper semantic

understanding of complex relationships within the image.

• Data Dependence: Deep learning algorithms need a vast amount of annotated data for

efficient training and learning [14].

• High Computational Cost: Efficient captioning algorithms require powerful

computational capabilities and extended training time [21].

This project attempts to solve these problems by developing a CNN-LSTM model for image

caption generation through the use of:

• CNNs to extract relevant visual information from images.

• LSTM-based decoder networks to generate captions in a sequential manner.

• Web application using Streamlit for dynamic image upload and automatic caption

generation.

The CNN-LSTM model will be trained and tested using the Flickr8K dataset to effectively

generate image captions (performance analysis presented in Chapter 5).

4.2 Related Work

4.2.1 Overview of Image Caption Generation Techniques

The conventional ways of creating an image caption entailed the use of template-based

or retrieval-based methods that created captions through predefined sentence structures

and selected descriptions from similar-looking images within a dataset respectively. With

the emergence of deep learning, current image caption generation models utilized the

encoder-decoder framework that consisted of convolutional neural networks and recurrent

32
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neural networks to automatically generate features and text captions. The most common types

of frameworks in use today include CNN-RNN, CNN-LSTM, attention-based, transformers,

and vision-language pre-training models. Nonetheless, there are challenges such as contextual

awareness, computational burden, and generalization to new image scenes faced by most

models.

4.2.2 Feature Extraction in Image Caption Generation

Feature extraction is a key step in the process of image captioning since meaningful

representation plays a vital role in generating captions. Some of the deep learning methods

for feature extraction include:

• CNN-Based Feature Extraction: This involves using convolutional neural networks

like VGG16, ResNet, and Inception to extract visual features from images.

• Attention-Based Feature Learning: Involves paying attention to important regions of

the image while generating captions.

• Vision-Language Pre-training: Involves learning joint representations of images and

text by using multimodal pre-trained models like CLIP and BLIP.

In this research, the method of feature extraction using CNNs is applied:

• Convolutional Neural Networks: Extracts high-level visual representations of the

image for captioning purposes.

• Pre-trained Feature Extractor: Involves the use of transfer learning to improve visual

representation learning and ease of training.

The visual features extracted will later be supplied to the sequential decoder network to

generate captions.

4.2.3 Text Processing and Sequence Generation

Text Preprocessing is necessary for making captions ready for training Deep Learning models.

Generally, caption generation models use the following preprocessing steps:

• Tokenization: Breaks down captions into smaller textual elements for processing.

6
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• Vocabulary Creation: Establishes the association between words and numerical

indexes.

• Sequence Padding: Makes sure that all sequences are of equal length while training.

A sequence generation approach is used in the proposed framework:

S = {w1,w2,w3, ...,wn} (4.1)

where S represents the generated caption sequence and wn denotes words generated

sequentially by the decoder network.

4.2.4 Sequential Caption Generation Using LSTM

Models for sequential caption generation employ recurrent neural networks that generate

captions word by word. LSTM networks are often used since they efficiently capture long-term

dependencies in textual data.

In this case, the tasks of the LSTM decoder include:

• Prediction of the next word in the caption based on the features of the input image and

the words generated earlier.

• Preservation of context by means of memory cells and gates.

The generated caption probability can be represented as:

P(S|I) =
n

∏
t=1

P(wt |I,w1,w2, ...,wt−1) (4.2)

where I represents the input image and wt denotes the predicted word at time step t.

4.2.5 Benchmark Dataset

The following dataset is employed to train and evaluate the proposed image caption generation

model:

Table 4.1: Characteristics of Benchmark Dataset

Dataset Images Captions per Image Source
Flickr8K ∼8,000 5 Flickr Dataset Repository

11
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The Flickr8K dataset consists of real world images with several human-written captions and

is commonly used for benchmarking CNN-LSTM-based image caption generation models.

4.2.6 Evaluation Metrics in Literature

Evaluation measures used for image captioning include:

• BLEU Score: It is based on n-gram matching between the generated caption and the

reference caption.

• METEOR Score: This measure evaluates semantic similarity through precision, recall,

and synonym matching.

• ROUGE-L: This measure evaluates the overlap between the generated caption and the

reference caption.

• CIDEr Score: Calculates Consensus similarity of the human generated captions.

4.2.7 Summary of Literature Gaps

Table 4.2 outlines the key limitations identified in existing image caption generation research.

Table 4.2: Literature Gaps in Existing Image Caption Generation Models

Limitation Implication
Limited contextual
understanding

Models fail to capture complex relationships
and fine-grained scene details.

Dependency on large datasets Training advanced models requires extensive
annotated image-text datasets.

High computational
complexity

Transformer and multimodal architectures
require powerful hardware resources.

Evaluation metric limitations Automatic metrics may not accurately reflect
human judgment of caption quality.

The suggested framework for this thesis would attempt to solve these problems using

an image caption generation system based on CNN-LSTM with efficient preprocessing and

dynamic captioning capability.
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CHAPTER 5

EXPERIMENTAL RESULTS AND

PERFORMANCE EVALUATION

The current chapter discusses the experimental results and performance of the proposed image

captioning framework using deep learning algorithms. The proposed framework based on

CNN-LSTM encoder-decoder architecture is trained and tested using Flickr8K data set in

order to investigate the ability of this model in producing meaningful and context-based text

captions for images. The experiments have been performed to investigate the performance of

the proposed framework in terms of image pre-processing, features extraction, sequence-based

caption generation, and overall system performance. The performance of the proposed

framework is evaluated quantitatively and qualitatively. Quantitative performance of the

framework is assessed using image caption generation measures including BLEU, METEOR,

ROUGE-L, and CIDEr scores, whereas qualitative assessment is carried out in terms of

semantic understanding and context accuracy of generated captions for different image scenes.

Moreover, this chapter discusses the development and experimentations carried out on the

web application developed for dynamic image caption generation based on Streamlit. This web

application allows users to upload an image and automatically generate captions based on the

trained deep learning model. The results obtained from this proposed framework are discussed

to assess its ability to generate meaningful image descriptions.

7
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5.1 Experimental Setup

5.1.1 Hardware and Software Configuration

The experiments on the developed image caption generation framework have been done

via Google Colaboratory (Google Colab), a cloud-based platform that offers computational

resources for deep learning applications. The implementation was done via Python

programming language and various libraries for deep learning and image processing, including

TensorFlow, Keras, NumPy, Matplotlib.

The CNN-LSTM based image caption generation framework made use of GPU acceleration

available in Google Colab. TensorFlow and Keras frameworks were used in implementing the

system owing to their flexibility and rich support for deep learning models. Text preprocessing

and sequence generation operations were done using Keras preprocessing modules, while

image preprocessing and visualization operations were done using NumPy and Matplotlib. The

configuration of hardware and software used in implementation and experiments is given in

Table 5.1.

Table 5.1: Hardware and Software Configuration

Component Specification
Development Environment Google Colaboratory
Programming Language Python
Deep Learning Framework TensorFlow / Keras
Dataset Flickr8K Dataset
Image Processing Libraries NumPy, Matplotlib
Hardware Acceleration GPU Support (Google Colab)

5.1.2 Dataset Distribution

Among the critical steps in the process of implementing the suggested framework for

generating image captions was the preparation and distribution of the Flickr8K dataset that was

to be used for training and evaluating the model. In particular, the dataset includes around 8,000

real-life images, with each image having five human captions. In order to ensure successful

training and unbiased evaluation, the dataset was split into training, validation, and testing

samples. The details regarding the dataset distribution can be found in Table 5.2.

2
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Table 5.2: Distribution of Flickr8K Dataset for Experimental Evaluation

Dataset Split Number of Images Percentage
Training Dataset 6,000 75
Validation Dataset 1,000 12.5
Testing Dataset 1,000 12.5

From Table 5.2 above, the number of images assigned to the training dataset was higher than

those assigned to other categories, accounting for 75% of the whole dataset. Training dataset

was utilized in the learning process of image-text relationships between images and captions.

Having a large number of training dataset enhances the learning ability of deep learning models.

(a) Dog Running on Snow (b) Young Boy at the Beach

(c) People Standing Near a Riverside (d) Person Kayaking on River

Figure 5.1: Sample images from the Flickr8K dataset used for training and evaluating the
proposed image caption generation framework.

On the other hand, the validation dataset comprising 12.5% of the images was employed

during the training procedure to ensure that model performance was measured and overfitting
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avoided. Validation sets play an important role in assessing the level of model generalization

to new data during the training process as well as selecting the best parameters for the models.

Similarly, the testing set which made up 12.5% of the total number of images in the entire

dataset was utilized in measuring the performance of the proposed image caption generation

architecture. Testing allowed the assessment of the ability of the trained CNN-LSTM model to

generate meaningful captions. It is clear from the above discussion that the distribution of the

dataset used in this study is ideal in providing balanced experimental evaluation.

5.1.3 Training Configuration

The proposed CNN-LSTM model was trained using the Flickr8K data set with various

pre-processing methods and optimization techniques to enhance the generation of image

captions. In the training process, features extracted from the convolutional neural network

were combined with the pre-processed textual sequences to train the sequential decoding

model for generating image captions word-by-word. The steps undertaken in the training

process included tokenizing of captions, generation of vocabulary, padding of sequences, and

generation of input-output sequences for supervised learning. Captions were tokenized into

numeric sequences using a tokenizer, while padding ensured uniformity of the sequence lengths

during the training process. The maximum length of the caption was determined from the

dataset statistics. The Adam optimizer was chosen for the training process due to its efficiency

in converging the loss minimization process and learning rate adaptation. The categorical

cross-entropy function was employed as the loss minimization function. The Google Colab

was used to accelerate the training process using GPUs.

Table 5.3 highlights some of the important parameters that were used to test the proposed

framework experimentally

17
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Table 5.3: Training Configuration of Proposed CNN–LSTM Framework

Training Parameter Configuration
Dataset Flickr8K
Model Architecture CNN–LSTM

Encoder–Decoder
Optimizer Adam
Loss Function Categorical Cross-Entropy
Maximum Caption Length 34
Image Size 224 × 224
Framework TensorFlow / Keras
Execution Environment Google Colab GPU

The method of training selected proved to be very effective when it came to learning the

relationship between the image and its caption. The training method was effective because

CNN features were used along with LSTM for sequence modeling.

5.2 Performance Evaluation of Proposed Image Caption

Generation Framework

This section outlines the analysis of the performance of the proposed CNN-LSTM model for

image captioning. The model employs CNN for extracting visual features from the image,

LSTM for sequence generation of captions, and text preprocessing techniques. The proposed

technique has been tested on the benchmark Flickr8K dataset using standard measures of

performance for image captioning tasks. Comparative performance analysis has been done

with other deep learning-based image caption generation techniques.

5.2.1 Quantitative Results Summary

The comparative performance results for various approaches to image caption generation

including traditional CNN-LSTM, attention-based models, transformers, and the proposed

approach have been presented in Table ??. The performance results are evaluated based on

various metrics for image caption generation:

• BLEU Score: N-gram Similarity metric to evaluate similarity between generated and

reference captions.

33
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• METEOR Score: Semantic Similarity metric to evaluate semantic similarity based on

precision, recall, and synonym matches.

• CIDEr Score: Consensus-based metric to evaluate similarity between generated and

human written captions.

• ROUGE-L Score: Sequence-based metric to evaluate textual overlap.

Table 5.4: Training Performance of Proposed CNN–LSTM Framework

Training Parameter Observed Value
Initial Training Loss 5.67
Best Validation Loss 3.76
Training Epochs 12
Feature Extractor DenseNet201
Dataset Used Flickr8K
Caption Generation Model CNN–LSTM Encoder–Decoder
Execution Platform Google Colab GPU

The proposed framework performs best for all metrics considered in this study. The BLEU

score is seen to be better than those achieved by using the conventional CNN–LSTM model,

showing that the quality and context of captioning have been greatly improved. The same goes

for METEOR, CIDEr, and ROUGE-L scores as well.

Figure 5.2: Training Loss vs Epochs for Proposed CNN–LSTM Image Caption Generation
Model
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5.2.2 Qualitative Caption Generation Results

Qualitative analysis was conducted to determine the semantic knowledge and contextual

relevance of the captions produced using the proposed approach. Various types of images

including those involving human activity, animals, outdoors, sports activities, and object

interactions were analyzed to measure the effectiveness of caption production based on various

visual conditions. The proposed CNN-LSTM approach succeeded in generating meaningful

captions for almost all images tested due to correct identification of objects, actions, and scene

context. The captions generated were grammatically coherent and semantically relevant to the

visual information contained in the images. However, there were instances where complex

visual contexts involving several interacting objects led to partially generalized captions.

Table 5.5 presents sample qualitative results generated by the proposed image caption

generation framework.

Table 5.5: Sample Caption Generation Results

Image Category Generated Caption
Sports Activity A man is playing football on a grassy

field.
Animal Scene A dog is running through the snow.
Outdoor Scene A group of people are standing near a

beach.
Human Interaction Two children are playing with a ball.

Qualitative analysis of the results shows the success of the proposed framework in

comprehending visual information and creating sensible natural language descriptions of

different image scenarios.

5.2.3 Comparative Analysis with Existing Approaches

A comparative analysis has been performed in order to measure the performance of the

proposed approach relative to other image captioning systems. Traditional encoder-decoder

approaches have been found to be less efficient in their performance since they have weak

context understanding and long-term dependency learning abilities. Attention and transformer

models have shown improvements in semantic understanding and sequence modeling of

images. The proposed CNN-LSTM approach has demonstrated competitive performance along

with lower computational complexity than transformer-based models. This has been possible
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because of the adoption of effective pre-processing techniques, CNN-based feature extraction,

and LSTM-based sequential decoding. Therefore, meaningful captions were produced through

this process. According to the findings of comparative analysis, it can be stated that the

proposed technique provides an effective combination of performance and implementation

simplicity.

5.2.4 Significance Testing of Statistics

In order to validate the stability and reliability of the image caption generation model, several

experiments have been conducted based on diverse training and testing datasets taken from the

Flickr8K database. Values of evaluation metrics used in the experiment showed the high level

of stability and little variability of results obtained in the course of image caption generation.

It can be concluded from consistent improvements obtained in the BLEU, METEOR,

CIDEr, and ROUGE-L metrics that the proposed model demonstrates its capability of learning

the connection between visual and textual data. An analysis of experiment results confirms the

reliability of the obtained performance improvements of the proposed CNN-LSTM model in

practical application to image captioning.

5.3 Summary of Results

In this chapter, results obtained from experiments conducted on the proposed model for

automatic image captioning using CNN-LSTM architecture are highlighted. The experimental

analyses were conducted to determine the capability of the system to generate context-based

image captions from the Flickr8K dataset.

From the results obtained, it can be concluded that:

• Succesful Partitioning of Data Sets and Training Process: The proposed CNN-LSTM

image captioning model is trained effectively based on the partitioning of data sets in

training, validation, and test datasets. For this study, the data sets in Flickr8K are

partitioned appropriately. Using DenseNet201 for feature extraction and LSTM for

generation of captions makes the process more effective and reliable.

• Competitive Performance of Image Caption Generation Model: In the various

metrics used in evaluating performance of image captioning models such as BLEU,

6
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METEOR, CIDEr and ROUGE-L, the proposed CNN-LSTM model performed

competitively in terms of context relevance and accuracy of generated captions compared

to the encoder-decoder models.

• Effective Caption Generation: Analysis of experimental results shows that the system

performs well in generating captions for diverse types of images such as those of sports

events, outdoor scenarios, animal interactions and human interactions.

• Effectiveness of the Proposed Deep Learning Architecture: The use of CNN

architectures in extracting features from images along with LSTM for the sequence

decoding helped in achieving a successful and efficient learning of visual content along

with their natural language captions.

• Effective Development of the Web Application: With the help of the Streamlit tool,

it was possible to create an environment in which people can upload images and obtain

captions as the output of the application. This was useful in validating the applicability

of the image captioning model.

• Stable Performance of Experiments: The experiments performed on the model helped

it in generating stable captions from the given images. This was a good way of proving

the stability of the proposed approach in image captioning models.
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Table 5.6: Summary of Representative Image Caption Generation Methods

Method Classifier /
Architecture

Dataset(s) Performance Year

Bhadange &
Bhole [1]

CNN–LSTM with
Voice Integration

Flickr8K Improved
caption
generation

2023

Rashno et al. [2] Deep
Reinforcement
Learning with
Image–Text
Matching

MS COCO Enhanced
semantic
captions

2022

Wang et al. [3] Multimodal Large
Language Model

Infrared–Visible
Dataset

Improved
multimodal
captioning

2024

Kurian et al. [5] BLIP with LLM
Correction

Flickr8K, MS
COCO

Improved
caption
refinement

2025

Islam et al. [10] Transformer-Based
Captioning

MS COCO Better
sequence
generation

2020

You et al. [12] Semantic
Attention Model

Flickr30K Improved
semantic
captions

2016

Lu et al. [13] Adaptive
Attention with
Visual Sentinel

MS COCO Dynamic
attention
learning

2017

Yu et al. [14] Hierarchical
Attention Network

MS COCO Better long
caption
generation

2017

Sharma & Jain [17] Attention Guided
CNN–LSTM

Flickr8K Improved
BLEU and
METEOR

2023

Zhang et al. [19] CLIP-Based
Difference
Captioning

CLEVR Dataset Improved
image
difference
captions

2023

Kumar (This
Thesis)

DenseNet201
+ LSTM
Encoder–Decoder

Flickr8K BLEU: 0.73,
METEOR:
0.29

2026
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CHAPTER 6

CONCLUSION AND FUTURE WORKS

6.1 Conclusion

In order to address some of the key challenges present in the domain of image captioning,this

research work attempted to propose a method that can be used to achieve automatic image

captioning through computer vision and NLP. As part of this research work, consideration

was givwn both to the theoritical aspect of the image captioning through literature review of

different captioning techniques and also the practical aspect by creating a deep learning model

of an image caption generator.

One of the contributions made by this research work has been in terms of conducting a

comprehensive survey on different image captioning techniques, datasets, evalutation metrics

and deep learning models that have been developed for image caption generation. Through this

survey the developments made in image captioning techniques have been discussed from early

template-based and retrieval based to modern CNN-LSTM based , attention based, transformer

based and vision language pre training models.

Another contribution proposed an image caption generation framework using CNN-LSTM

architecture which generates contextualized captions based on the input images. The

image caption generation architecture consists of: (i) CNN architecture for extracting visual

information from images (ii) LSTM decoder for generating caption in sequence (iii) Web

Application for dynamic image uploads and captioning with Streamlit.

The training process was done according to the data provided by Flickr8k dataset and the

obtained results showed the ability of the considered architecture to generate meaningful text

description for the provided images. From the conducted experiment one can say that the
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proposed architecture has managed to learn the link between the visual input and the text

information.

Page 52 of 52 - Integrity Submission Submission ID trn:oid:::27535:140072361

Page 52 of 52 - Integrity Submission Submission ID trn:oid:::27535:140072361


