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ABSTRACT

Image captioning plays a vital role for numerous purposes. The images contains the captions can lead to rapid
and descriptively precise image searches and indexing. Unidirectional LSTM (Long Short-Term Memory)
decoders, commonly used in existing systems, have limitations in retaining past information, leading to less
than optimal results for long sequences In recent years, the advent of deep neural networks has made image
captioning a viable concept. This Visual description generator system (VDGS) introduces a model grounded
in deep learning to generate captions for input images. The model takes an image as input, employing
algorithms such as Convolutional Neural Network (CNN) and Bidirectional Long Short-Term Memory (Bi-
LSTM). The CNN component identifies objects within the image, while the Bi-LSTM constructs sentences
about the input image, resulting in a caption tailored to the project. The proposed model primarily emphasizes
object identification and formulating the most fitting title for input image. This study presents an enhanced
Visual Description Generating System (VDGS) using CNN-based feature extraction and Bi-LSTM-based
caption generation. The novelty lies in integrating bidirectional contextual modelling, improved sequence
handling, and enriched semantic alignment between images and text. The system overcomes limitations of
unidirectional LSTMs by incorporating forward—backward temporal processing, improving coherence for
long descriptions .The novelty of this work lies in combining CNN (InceptionV3) feature extraction with a
Bi-LSTM decoder to capture both past and future contextual cues. This dual-context modelling strengthens
semantic coherence, improves caption fluency, and enhances alignment with visual regions.

Keywords: Object Identification, Image Caption, Recurrent Neural Network, Convolution Neural Network

Bi-directional Long-Short Term Memory

1. INTRODUCTION Instagram, where captions can be automatically

generated from images. Creating captions is a
In our daily lives, we come across a vast number of ~ complex task that bridges the domains of Natural
images from many sources such as books, articles, ~Language Processing (NLP) and Computer Vision.
online platforms, and advertisements. These pictures Enabling machines to generate human-like
often lack accompanying descriptions, requiring explanations  for images is a remarkable
viewers to interpret them based on their own advancement in Artificial Intelligence. The primary
knowledge and perception. However, image challenge lies in understanding the associations
captioning plays a crucial role across many domains. between objects within an image and expressing
Captions associated with images enable faster and ~ them naturally in a language like English.
more accurate image searches and indexing. Since  Traditionally, computers relied on predefined
machines do not yet possess human-like capabilities ~ templates to describe images, but this approach lacks
to think, speak, and behave, generating natural the linguistic diversity needed for rich and natural-
language descriptions remains a significant sounding descriptions. This limitation has been
challenge. Image captioning has diverse applications addressed through the enhanced capabilities of
in fields such as commerce, web search, neural networks. Many contemporary models now
biomedicine, military, and across social media utilize neural networks to generate image captions
platforms like Twitter, Facebook, WhatsApp, and by taking an image as input and expecting the next
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word in the output sentence. Image captioning
bridges computer vision and natural language
processing. The proposed system improves
contextual reasoning by leveraging deep CNNs and
Bi-LSTMs. Existing systems struggle with
long-range dependency modelling, motivating the
need for a more advanced bidirectional architecture.
The study follows a structured pipeline: (1) image
preprocessing; (2) CNN-based feature extraction; (3)
Bi-LSTM  sequence modelling; (4) caption
generation; (5) evaluation using BLEU metrics.
Operational definitions include: 'visual feature
vector', 'caption sequence', and 'semantic alignment
score'.

2. LITURATURE SURVEY

Modern captioning models rely heavily on CNN-
LSTM architectures. However, unidirectional
LSTMs face limitations in modelling future context.
Recent works emphasize Bi-LSTM, attention, and
transformer-based approaches. The current study
adopts Bi-LSTM to enhance contextual
completeness.

Unidirectional LSTM (Long Short-Term Memory)
decoders, commonly used in existing systems, have
limitations in retaining past information, leading to
less than optimal results for long sequences. LSTM
networks are widely employed for sequential data
modelling tasks, including natural language
processing and image caption generation [1][2].
However, in image captioning applications, LSTMs
face several challenges. They require fixed-length
input sequences, necessitating the compression of
variable-length visual content, which can lead to
information loss or inefficiencies. Additionally,
LSTMs may struggle to effectively model complex
visual content and long-range dependencies between
visual elements [3]. Training LSTM-based models
can be computationally expensive as of joint
optimisation with CNNs for image feature
extraction, and they may encounter difficulties with
out-of-vocabulary = words, affecting  caption
coherence[4][5].

One limitation of LSTMs in image captioning is
their reliance on fixed-length input sequences. This
constraint forces the compression of variable-length
visual content into fixed-size representations,
potentially causing information loss or inefficiencies
in representing spatial relationships within images
[6]. Moreover, LSTMs, although designed for
capturing long-term enslavements in sequential data,
may face challenges in effectively modelling the
diverse visual content and complex relationships
between visual elements, especially in long-range
scenarios [7][8]. The joint training of CNNs and

LSTMs for image captioning adds to the
computational complexity, impacting training time
and resource requirements [9].

To overcome these limitations, advanced
architectures like attention mechanisms or
transformer-based models are explored. These
architectures enhance the system's ability to capture
spatial information, model long-range dependencies
more effectively, and handle out-of-vocabulary
words. Attention mechanisms, in particular, enhance
the system's capability to focus on relevant parts of
the image during caption generation, addressing the
shortcomings of traditional LSTM-based approaches
[10][11]. Transformer-based models further enhance
performance by leveraging self-attention
mechanisms and parallel processing, leading to more
accurate and coherent captions for a wide range of
images [12].

The VDGS is centred on the development of an
image caption generation system using CNN and Bi-
LSTM models [13][14]. It leverages the Flickr 8k
dataset for thorough training and evaluation. The
integration of advanced Image Processing
techniques through CNN algorithms plays a crucial
role in extracting high-level features from images.
This integration enhances the system's ability to
understand intricate details within visual content,
such as objects, scenes, and spatial relationships
[15][16][17]. By extracting such features, the system
lays a strong foundation for generating detailed and
meaningful captions that exactly describe the
content of the images.

Furthermore, the VDGS extensively incorporates
Natural Language Processing (NLP) techniques,
particularly emphasising on Bi-LSTM models.
These models are crucial for generating articulate
and contextually significant captions based on the
visual information extracted by CNNs[19][20]. The
Bi-LSTM architecture's unique competence to
capture both past and future context enriches the
quality and coherence of the generated captions.
Data from the Flickr 8k dataset, which includes a
diverse range of images paired with human-
generated captions, plays a pivotal role in training
and evaluating the system. This dataset ensures a
strong learning process, facilitating thorough caption
generation across a wide diversity of images with
varying content and complexity.
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Furthermore, the VDGS extensively incorporates
Natural Language Processing (NLP) techniques,
particularly emphasising on Bi-LSTM models.
These models are crucial for generating articulate
and contextually significant captions based on the
visual information extracted by CNNs[19][20]. The
Bi-LSTM architecture's unique competence to
capture both past and future context enriches the
quality and coherence of the generated captions.
Data from the Flickr 8k dataset, which includes a
diverse range of images paired with human-
generated captions, plays a pivotal role in training
and evaluating the system. This dataset ensures a
strong learning process, facilitating thorough caption
generation across a wide diversity of images with
varying content and complexity.

In addition to model architecture and training data,
the project places significant emphasis on evaluation
metrics and user interaction. Evaluation metrics,
with a primary focus on the BLEU (Bilingual
Evaluation Understudy) metric, provide a
quantitative measure of caption accuracy and
fluency [18]. This metric estimates the similarity
between the generated captions and human-
generated reference captions, ensuring that the
system produces contextually relevant and accurate
captions. User interaction is also considered, with a
user-friendly interface designed to facilitate
seamless image uploading, caption generation, and
potential editing. The final goal of the project is
practical deployment in real-world scenarios, such as
social media platforms, e-commerce websites, or
assistive technologies [19[20] this deployment
requires optimizing the system for scalability, real-
time caption generation, and seamless integration
with existing platforms or applications.
Unidirectional LSTM decoders in existing systems
have limitations in retaining past information,
leading to less than optimal results for long
sequences [21][22]. These systems face challenges
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with fixed-length input sequences, potentially
causing information loss or inefficiencies in
representing spatial relationships within images
[23]. Moreover, the joint training of CNNs and
LSTMs adds to computational complexity,
impacting training time and resource requirements,
while also encountering difficulties with out-of-
vocabulary words, affecting caption
coherence[24][25]. Apart from this several deep
leaning models described in deep leaning research
works [26][27][28]

3. PROPOSED METHOD

Bi-LSTM-based decoding significantly improves
caption accuracy over traditional LSTM. Conceptual
Model: CNN — Feature Vector — Bi-LSTM
Encoder—Decoder — Generated Caption.

This new approach incorporates a
bidirectional LSTM decoder to enhance the
generation of more semantically correct image
descriptions. Bidirectional LSTMs (Bi-LSTMs)
offer several advantages over traditional LSTMs in
the context of image caption generation. Bi-LSTMs
process input sequences in both furthering and
regressive directions, allowing them to capture
contextual information from both past and future
inputs simultaneously. This bidirectional processing
helps address the challenge of modelling long-range
dependencies in image data, resulting in more strong
and contextually rich captions. Additionally, Bi-
LSTMs can effectively leverage spatial information
within images by considering the content from
multiple  perspectives, leading to enhanced
understanding of the relationships between visual
elements.

Moreover, Bi-LSTMs are better equipped to handle
variable-length  input sequences, which is
particularly advantageous in image captioning tasks
where the length of the visual content may vary. By
capturing information from both directions, Bi-
LSTMs can generate more accurate and articulate
captions that reflect the overall context of the image.
Furthermore, Bi-LSTMs mitigate the limitations of
traditional LSTMs in handling out-of-vocabulary
words by leveraging bidirectional context to enhance
word prediction and vocabulary coverage. Another
benefit of Bi-LSTMs is their ability to learn more
expressive and nuanced representations of image
features by jointly modelling the interactions
between visual and textual information. This enables
the generation of captions that are not only
descriptive but also semantically significant and
contextually relevant to the visual content. Overall,
Bi-LSTMs offer significant advantages over LSTMs
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in image caption generation by improving the
model's ability to capture long-range dependences,
handle variable-length input sequences, enhance
vocabulary coverage, and generate more expressive
captions that better reflect the content of the images.

Softmay

Figure 2 Proposed Solution
(block diagram)

This Visual description generator system designed to
ensure the effective processing of images, accurate
caption generation, seamless dataset handling, and
strong model training and evaluation. These
requirements lay the foundation for a reliable and
efficient image captioning system.

Image processing and feature extraction
Initially, the system undertakes the essential task of
processing input images to extract pertinent features
utilizing the InceptionV3 model, a renowned CNN
architecture recognized for its exceptional feature
extraction capabilities. This step is pivotal as it lays
the foundation for generating descriptive captions
that precisely portray the content of the images.
Through the utilization of InceptionV3 and its
advanced capabilities, the system ensures that the
extracted features encapsulate intricate details and
semantic information vital for producing meaningful
captions.

Caption Generation
Following feature extraction, the system must
employ a Bi-LSTM model for caption generation.
Unlike traditional LSTM models, Bi-LSTM
incorporates information from both past and future
states, improving its ability to capture long-range
dependences and context in sequential data. This
capability is instrumental in generating coherent and
contextually related captions that align closely with
the visual content of the input images. By leveraging
Bi-LSTM-based caption generation, the system

seeks to produce captions that are linguistically
accurate and semantically meaningful.

Dataset Handling

In terms of dataset handling, the system is expected
to utilize a suitable dataset, such as the widely used
Flickr8k dataset. This dataset comprises a thorough
collection of image-caption pairs, where each image
is accompanied by a human-generated caption.
Leveraging such structured datasets enables the
model to learn strong associations between the visual
features extracted from the images and the
corresponding textual descriptions. This association
learning process is critical for the model to produce
captions that correctly describe the content depicted
in the images.

Model Training and Evaluation

A significant aspect of the system's functionality is
the training of the combined CNN-Bi-LSTM model
using the selected dataset. The training process
involves boosting the model's parameters to ensure
it learns to generate accurate and contextually
relevant captions across diverse image categories.
Moreover, the system incorporates evaluation
metrics, notably BLEU scores (Bilingual Evaluation
Understudy), to assess the model's performance
thoroughly. These metrics offer computable
measures of caption quality, fluency, and relevance,
guiding the system in refining and improving the
caption generation capabilities iteratively. Through
rigorous training and evaluation, the system seeks to
achieve a high degree of accuracy and linguistic
coherence in generating captions for a wide range of
input images.

Visual description generator system (VDGS)
focuses on the intersection of image understanding
and NLP through the implementation of advanced
deep learning techniques. The primary goal is to
develop a system capable of generating accurate and
contextually relevant subtitles for images, bridging
the gap between visual information and textual
descriptions.

In today's digital era, the vast amount of visual
content available necessitates intelligent systems
that can interpret and describe images with human-
like accuracy. Such systems not only enhance
accessibility for visually impaired individuals but
also find wide-ranging applications in content
indexing, recommendation systems, and automated
content generation. Leveraging CNNs with
Inception v3 architecture for image feature
extraction and Bi-LSTM networks for sequential
modelling and caption generation, our project seeks
to achieve advanced performance in generating
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descriptive captions that capture the essence of
diverse visual scenes.

Visual description generator system (VDGS) holds
significant importance as it contributes to furthering
the capabilities of Al systems in understanding and
describing visual content, thereby paving the way for
more intuitive human-machine interactions and
enriching the overall user experience in various
domains.

System architecture is the high-level structure of a
complex system that defines its components,
relationships, and interactions. It includes hardware,
software, networks, and other components required
for the system to function properly. The architecture
acts as a blueprint for creating, implementing, and
maintaining the system, giving developers a
framework to operate within. Modularity,
scalability, reuse, and maintainability are important
system architecture principles. Organizations may
construct resilient and efficient systems that fit their
needs and goals by carefully defining the system
architecture. It is critical to the success of any
technology project.

System Object Model

The system object model serves as the framework
for my project, which focuses on image caption
production and user interaction. It describes the main
components, their characteristics, and the
relationships required for smooth operation.

At the core of this model are entities representing
key elements like uploaded images, captions, users,
and system processes. Each entity is defined with
specific attributes relevant to its function. For
instance, an uploaded image entity may have
attributes such as image data, upload timestamp, and
user ID.

The model also specifies relationships between
entities, detailing how they interact and influence
each other. For example, the relationship between an
uploaded image and its corresponding caption
illustrates the process of generating descriptive text
for images. Similarly, user interactions with the
system, such as uploading an image and receiving a
caption, are mapped to ensure smooth functionality..

These relationships and dependencies create a
structured  framework  for  designing and
implementing features like image processing,
caption generation, user interaction, and system
feedback. By defining these elements and their
interactions, the system object model facilitates a
complete understanding of the project's architecture
and functionality.
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The proposed system can be separated into two
main sections, each serving distinct purposes in the
overall functionality of the system.

Image Caption Generation Model Training:
Data Source

Tm]nins Phase
Flicker%k Dataset

InceptionVd CAN

Feature Vector Extraction

Flagk Aop
User Interface

BILSTM RV

v

Traned Model

Flask Server

v

Load Iaa\?e

Get Trained Medel

\

Generate Caption

D'\s\o!o‘y Capt'-on

Fig 3: Proposed System Architecture

Utilize the Flickr8k dataset as the primary data
source for training the image caption generation
model. This dataset contains a diverse group of
images with equivalent captions, providing rich
training data for the model.

Feature Extraction

Implement InceptionV3 (CNN) architecture to
extract feature vectors from each image in the
dataset. These feature vectors capture high-level
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visual properties such as shapes, colors, and textures,
representing the essence of the images in a numerical
format.
Caption Generation

The BiILSTM architecture allows for
capturing long-term dependencies and context from
both past and future inputs, improving the coherence
and contextually of the generated captions. The
model is trained using the extracted feature vectors
as input and caption sequences as targets, learning to
generate descriptive captions based on visual
features.
Convolutional Neural Network (CNN)
CNNs are a particular type of deep learning model
designed to process data with a grid-like structure,
such as images. In deep learning, CNNs are
important for tasks like image classification and
object detection. The architecture of a CNN consists
of multiple layers, each with a specific function in
processing the input data. When an image is fed into
the network, it passes through a series of
transformations across these layers, enabling the
model to extract and learn relevant features.
The core components of a CNN include
convolutional layers, pooling layers, fully connected
layers (FC), and the application of the Soft max
function for probabilistic classification. In the
process, each input image traverses through
convolutional layers with filters (also known as
kernels) that extract features relevant to the task at
hand. Pooling layers then condense the extracted
features, dropping computational complexity while
retaining crucial information. Subsequently, the
fully connected layers integrate these features and
generate an output, often representing class
probabilities.
What sets CNNs apart from other neural networks,
such as RNNs, is their distinctive convolutional
layers. These layers apply filter processes to the
input data, effectively capturing spatial hierarchies
and patterns within images. By leveraging these
specialized layers, CNNs excel in tasks requiring
spatial understanding and hierarchical feature
extraction, making them a cornerstone in image-
related deep learning applications.
CNNss offer several advantages: CNNs are renowned
for their versatility, excelling in both supervised and
unsupervised learning tasks. This adaptability allows
them to handle a wide-ranging of data types and
learning scenarios, making them a preferred choice
for various applications in machine learning and
image processing.
One of the key advantages of CNNs is their
accessibility. Unlike some complex algorithms,
CNNs are relatively easy to understand and

implement. This accessibility has contributed to their
widespread adoption, particularly in image-related
tasks where they have demonstrated remarkable
performance.

Accuracy is another hallmark of CNNs. These
networks are known for their ability to achieve high
accuracy in predicting and classifying images. By
effectively learning and recognizing patterns within
images, CNNs can provide precise and reliable
image classifications, a critical factor in many
image-based applications.

CNNs also offer a notable advantage in terms of
reduced pre-processing dependency. Compared to
traditional algorithms, CNNs require less pre-
processing of data. This reduction in pre-processing
efforts not only saves time but also streamlines the
development process, making it more efficient and
less reliant on manual data preparation tasks.
Furthermore, CNNs exhibit strong ness in handling
complex data structures and large datasets. Their
hierarchical architecture enables them to capture
intricate features and relationships within images,
contributing to their impressive performance in
image recognition, object detection, and image
captioning tasks.
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Fig 4. CNN model Architecture

Working of CNN:

CNNss are a class of deep learning models precisely
planned for processing structured grid data, such as
images. CNNs consist of multiple layers, each
performing precise operations to extract features
from input data and progressively learn
representations at different levels of abstraction.
Here's an overview of how CNNs work:

Input Layer
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The input to a CNN is typically an image signified
as a grid of pixel values. Each pixel's intensity values
represent the image's features.

Convolutional Layers

These are the core building blocks of CNNs. They
apply a set of kernels to small regions of the input
image, performing convolution operations. Each
filter extracts specific features from the input image,
such as textures, edges, or shapes. During training,
the network learns the optimal filter weights through
back propagation.
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Fig 5 InceptionV3 model Architecture

InceptionV3

Inception-v3 is a powerful CNN renowned for its
depth and accuracy in image cataloguing tasks. With
a staggering 48 layers, it delves deep into the
complexities of image data, making it capable of
discerning subtle features and patterns within
images. This depth enables the network to extract
rich representations of objects and scenes, allowing
it to classify images into a wide array of categories,
from everyday items like keyboards and pencils to
diverse animals, with remarkable precision.

One of the key strengths of Inception-v3 lies in its
pre trained nature. MATLAB offers a pre trained
version of this network, which has undergone
widespread training on a vast dataset comprising
over a large number of images from the database
Image Net. This difficult training has equipped
Inception-v3 with the ability to generalize well
across diverse image categories, making it a reliable
choice for image classification tasks across various
domains and applications.

Additionally, Inception-v3 boasts an impressive
image input size of 299-by-299 pixels. This
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standardized input size ensures compatibility with
common image formats and facilitates seamless
integration into existing workflows. Combined with
its strong feature extraction capabilities and
extensive training, Inception-v3 stands as a
testament to the advancements in deep learning,
providing developers with a powerful tool for
accurate and efficient image classification tasks.
Image captioning with Bidirectional LSTMs

Wang et al. [15] introduced deep Bi LSTM
architectures for image captioning by leveraging
both past and future contextual information during
word generation. They hired a CNN to extract image
features, which were then input into the deep Bi-
LSTM model for word prediction.

To address over fitting in deep networks, they also
applied various data augmentation techniques. Their
findings showed that the Bi-LSTM architecture
enhanced the generation of longer word sequences,
as evidenced by higher BLEU scores, indicating a
stronger ability to predict successive words.
Similarly, Xiao et al. conducted research using a
bidirectional LSTM within a DSEN for image
captioning, highlighting the effectiveness of Bi-
LSTMs in handling longer categorizations. They
tested different DSEN configurations using pre-
trained ResNet and VGG16 models, and the results
confirmed the benefits of the Bi-LSTM approach,
especially for generating extended sequences.

Fig 6. Bidirectional LSTM Architecture

Attention Based Image captioning
The combination of attention mechanisms within
encoder-decoder outlines has emerged as a pivotal
strategy to address inefficiencies in utilizing global
image features during model training. This
optimization is crucial for improving the
performance of deep neural networks, particularly in
tasks like generating sentence descriptions for
images. Attention mechanisms, inspired by human
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visual attention systems, selectively amplify relevant
information needed for specific tasks during
training. By emphasizing on relevant image features
during the generation of words in LSTM-based
sequences, attention mechanisms ensure that the
model captures essential details and context, leading
to more accurate and meaningful captions.

One notable advantage of attention mechanisms is
their ability to minimize the modality gap between
text and image features. This gap often arises as of
differences in data representations, making it
challenging for models to effectively translate visual
information into textual descriptions. Attention
mechanisms address this challenge by dynamically
selecting relevant image regions during word
prediction, aligning visual and textual cues more
effectively. This alignment not only enhances the
semantic richness of generated captions but also
enhances the overall coherence and relevance of the
generated text.

While attention mechanisms have proved
remarkable presentation enhancements in various
image captioning tasks, there is ongoing research to
explore their potential in conjunction with other
techniques such as semantic embedding’s and
bidirectional LSTM architectures. Integrating visual
embedding’s, such as image scene features, more
extensively within bidirectional LSTMs can further
enhance the model's ability to capture complex
semantic relationships and contextual information.
This combined approach leverages both past and
future statistics during word predictions, resulting in
more contextually accurate and thorough image
captions.

Modelling

Encoding Image Features

Before inputting an image into the Bi-LSTM
network, its visual features are extracted using a pre-
trained CNN such as VGG16, ResNet, or Inception.
These CNNs are trained on large-scale image
datasets like ImageNet to capture high-level visual
features accurately. The output is a fixed-length
feature vector representing the image's content,
serving as input to the Bi-LSTM for caption
generation.

Bi-LSTM Architecture.

The Bi-LSTM architecture consists of two LSTM
layers: one processes the input sequence forward in
time, while the other processes it backward. Each
LSTM cell maintains hidden state vectors and cell
state vectors, capturing information from previous
time steps. The forward LSTM processes the
sequence from start to end, while the backward
LSTM processes it in reverse. At each time step,

forward and backward LSTMs generate vectors
encoding contextual information.

Combining Image Features and Language Context
The fixed-length image feature vector from the CNN
is merged with the Bi-LSTM's output at each time
step. This combined representation is fed into the
network's subsequent layer, often a fully connected
layer or an attention mechanism, to forecast the next
word in the caption. This integration enables the Bi-
LSTM to combine visual features and language
context effectively, producing descriptive and
relevant captions.
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Fig 7. Image Caption Generation Architecture

§ Encoderwith BiLSTM. 4. Decoder. 5. Sentence Generation,

Training and Optimization

During training, Bi-LSTM parameters are learned
using back propagation through time (BPTT) and
gradient descent optimization. The network
minimizes a loss function, like categorical cross-
entropy, measuring dissimilarity between predicted
and ground truth captions. Training involves
iterative updates on image-caption pairs until
convergence, improving caption generation
performance by adjusting model weights.

The x-axis will represent the ranges of BLEU scores
(bins), and the y-axis will represent the frequency of
images falling into each bin
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BILSTM
CONCLUSION

In conclusion, this study establishes this work has
established the power of leveraging advanced DL
techniques, such as CNNs and Bi-LSTM networks,
for image caption generation. By combining state-
of-the-art models like InceptionV3 for feature
extraction and Bi-LSTMs for contextual
understanding, we have achieved significant
progress in generating accurate and contextually
relevant captions for images. The system's ability to
process input images, extract meaningful features,
and generate descriptive captions showcases its
potential in various applications, from improving
accessibility for visually impaired individuals to
improving content understanding in multimedia
environments. Moving forward, further
enhancements and optimizations, such as exploring
attention mechanisms and fine-tuning model
architectures, can lead to even more sophisticated
and precise image captioning systems. The proposed
work lays a solid foundation for ongoing R&D in the
field of Al-driven image understanding and NLP.
The enhanced VDGS demonstrates improved
caption quality through bidirectional modelling.

Future work may  incorporate  attention,
transformers, and reinforcement-learning-based
optimization.
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