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Abstract—Image captioning is a task in computer vision
that requires creating detailed descriptions for images.
This process links visual content with natural language,
allowing machines to interpret and explain visual scenes.
This study presents a sophisticated system that employs
a pre-trained convolutional neural network (CNN) to
obtain comprehensive features from images. These
features are integrated with an attention mechanism and
are utilized to generate captions using a recurrent neural
network (RNN).

To develop thorough feature vectors for images, several
pre-trained convolutional neural networks, such as
Inception V3, were used in a planned and effective
manner. The process of decoding makes use of the Long
Short-Term Memory (LSTM) model, which was chosen
because it is effective at creating clear and descriptive
sentences. To further enhance performance, an
innovative integration of the Inception V3 attention
model was implemented, allowing the system to
concentrate on specific areas of the image during the
learning process. Experimental results from tests on the
flickr8k dataset show very good performance, similar to
the best current methods.

The main goal of the study is to help people with visual
impairments by giving them a way to learn about visual
information through sound. Traditional approaches,
like image captions, are not sufficient to address the
specific requirements of the visually impaired
community. Therefore, this study tackles the pressing
need for an advanced solution—a model that is not only
capable of analyzing images but also able to convert them
into spoken descriptions. The description is created by
using the Google Text-To-Speech (gTTS) APIL. This
innovative method seeks to connect visual content with
auditory comprehension, paving the way for a more
inclusive and accessible future.

Index Terms—Machine Learning, Computer Vision,
Image Captioning, Deep Learning, Feature Extraction,
Long Short-Term Memory (LSTM), Google Text-To-
Speech (GTTS)
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I. INTRODUCTION

In today's world, where visual content is prevalent,
people with vision impairments often find it very
challenging to access and understand images. This
study aims to provide a thorough solution by
introducing a deep learning model that generates
spoken descriptions of images. The primary issue that
this study aims to address is how to allow people who
are visually impaired to perceive and understand
visual information through the sense of hearing. For
the blind, standard techniques like picture captions are
inadequate. Therefore, a solution is needed that
connects  visual information with  auditory
understanding—one that goes beyond analyzing
images by also transforming them into spoken
explanations.

This work is centered on utilizing a deep learning
model, specifically an LSTM with an attention block,
to examine and analyze photographs. The model is
trained using a broad range of photographs that come
with corresponding descriptions from the chosen
dataset, Flickr8K.

Metrics such as the METEOR score, the BLEU score,
and evaluations by human judges will be used to
measure how well the model performs. These metrics
will evaluate how well the generated captions match
human-like descriptions in terms of both clarity and
accuracy.

II. LITERATURE SURVEY

The environment for technological accessibility has
been continuously evolving, showing steady progress
in supporting diversity. Braille and screen readers are
examples of earlier inventions that laid the foundation
for today's efforts to make information available to
people who are blind. However, the issue continued to
exist within the area of visual information. Textual

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 2811



© February 2026| IJIRT | Volume 12 Issue 9 | ISSN: 2349-6002

explanations were included with photographs as a way
to address the issue, showing an effort to help blind
individuals understand the visual elements presented
[1]. Despite this, the method turned out to be very
time-consuming and difficult to scale up [2][3].
Therefore, additional efforts were made to enhance the
clarity of the visual elements for individuals with
visual impairments. The purpose of this research is to
incorporate artificial intelligence into the creation of
visual content that can be accessed by people with
visual impairments, by examining existing research
and understanding the progress and challenges in this
area.

A. Image Captioning Techniques

Numerous research studies have looked into various
approaches for generating descriptions of images.
Several studies have focused on the application of
RNNs for generating sequential data and CNNs for
feature extraction from images [4]. The enhancement
of the coherence and relevance of produced captions
has highlighted the importance of attention processes.

B. Attention Mechanisms in Deep Learning
Numerous research efforts have focused on how
attention mechanisms are incorporated into deep
learning models[5]. When making captions, attention
mechanisms enable the model to focus on specific
parts of an image, leading to more detailed and
thorough descriptions overall. The popularity of the
attention model is due to its capability to focus on
specific visual areas dynamically and enhance the
accuracy of descriptions. The attention mechanism,
which works like the human visual system [6], enables
focusing on important parts selectively, unlike
uniform methods such as the graph-based approach.
More  complex scenes benefit from this
interpretability, which also results in more detailed
and contextually appropriate captions[7][8]. The
attention model offers an advanced and context-
sensitive approach to generating image captions by
assigning varying levels of importance to different
parts of an image, thereby enhancing the system's
ability to understand and represent complex
relationships within the scene.

C. Datasets for Image Captioning

Besides the Flickr8K dataset mentioned in the problem
statement [9], image captioning studies have used
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many other datasets like Flickr30k, VIST (Visual
Storytelling), SBU (Socially-embedded Image
Dataset), ADE20K (ADE20K Scene Parsing), and MS
COCO (Common Objects in Context). It's important
to understand the pros and cons of different datasets so
you can build a trustworthy model.

D. Evaluation Metrics

The effectiveness of picture captioning models has
been measured using BLEU (Bilingual Evaluation
Understudy) score[10], METEOR score[11], and other
similar metrics. It's important to look at how these
metrics check the quality of the captions that are made
in order to assess the research outcomes.

E. Text-to-Speech Technologies

For the final part of the research, studying text-to-
speech technology is very important. The research's
success will rely on how effectively different TTS
libraries, like Nancy, TWEB, M-Al-Labs, LibriTTS5,
and LJ Speech[13], convert the generated captions into
speech that sounds natural.
After looking closely at the different TTS tools
available[14] [16], we decided that using Google Text-
to-Speech along with LSTM networks works best for
our research. The choice was made because LSTM
showed very good results within Recurrent Neural
Networks, which fit exactly with what our research
needed and aimed to achieve. Using GTTS along with
LSTM helps produce high-quality voice synthesis and
makes the caption creation process more efficient
overall.

III. METHODOLOGY

Creating detailed descriptions of what is seen in
images is called image captioning, and it is a difficult
task that combines computer vision with natural
language processing. Convolutional Neural Networks
(CNN) are important for image recognition because
they help find detailed information in images and
understand what they look like. These features are then
given to Recurrent Neural Networks (RNN), which are
really good at handling data that comes in a sequence
and can keep track of a lot of specific information from
the context. RNNs create captions that make sense and
fit well with the situation by using the information
from the words they have already generated.
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We used a powerful set of tools to help our picture
captioning research work as well as it could. CNNs,
RNNSs, and the attention mechanism were all easily
included in the flexible deep learning system provided
by TensorFlow and Keras[12]. Pandas and NumPy
helped handle data more efficiently, which made it
easier to integrate the Flickr8k dataset. By improving
how it analyzes language, NLTK (Natural Language
Toolkit) made the quality of output captions better.
Our research managed to combine advanced deep
learning techniques with dependable data processing,
which was made possible by using tools like Tensor
Flow [12], Keras, NumPy, Pandas, NLTK, and
Flickr8k. This helped our model that focuses on
attention to create good captions for images.

Adding attention mechanisms helps make the image
captioning process better. The attention methods,
which became popular in machine translation tasks
first, let the model create each word of the caption in
Fig.1 by focusing on specific parts of the image. This
is like how the human brain works, where important
parts of a picture are focused on when someone
describes it aloud. When people look at photos, they
usually pay attention to the things that stand out the
most. Attention-based processes function in a similar
way, helping the model to "focus on" specific areas
during training.

a young boy is jumping off a table with a toy

52 10 150 200 > S0 100 150 200

o 50 100 150 200 2 50 100 150 220

c S0 100 150 200

Fig. 1. Attention mechanisms, selectively focus on specific regions of the image while generating each word of the
caption, Example of caption generation in between epoch completion giving almost accurate but not correct caption

The model's ability to create detailed and context-
sensitive descriptions for different images is enhanced
by combining CNNs, RNNs, and attention
mechanisms.

The attention mechanism can be implemented in two
different methods. In the case of soft attention, as
shown in Fig.2 A, the model focuses on weighted
image features rather than using the entire image as
input to the long short-term memory (LSTM). Soft
attention works by reducing the importance of
irrelevant regions through the use of a low weight,
which is applied by multiplying it with the relevant
feature map. It is simple and easy to calculate.
Whereas hard attention mechanisms, as shown in Fig.2
B, use a stochastic sampling model for their
functioning. Sampling is used to guarantee precise
gradient descent during the back propagation process,
and the results are then combined using the Monte
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Carlo method. Monte Carlo methods run complete
episodes from start to finish to calculate an average
based on all the results gathered through sampling.
The accuracy of hard attention depends on both the
amount of samples used and how well the sampling is
done. However, some important areas are often missed
or forgotten because the attention model processes a
long sequence of data step by step. We are using the
Long Short-Term Memory (LSTM) - RNN
architecture to solve this problem. Long Short-Term
Memory, or LSTM, is a specialized type of Recurrent
Neural Network designed to address the limitations of
traditional RNNs in handling long-term dependencies
in sequential data. Long Short-Term Memory
networks differ from standard Recurrent Neural
Networks because they include special mechanisms
called gates and memory cells. These components
allow the network to selectively remember or forget
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information over long sequences, making it more
effective at handling complex patterns in data.
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Fig. 2 . Precise and correct caption generated after model training completion of a dog playing in the water. Caption
for image A is generated through soft attention model while image B is generated through hard attention model

For tasks that involve data arranged in a sequence,
such as language modelling and predicting time series,
LSTMs are particularly good at capturing and
retaining important contextual information across
different time steps. This is achieved through the use
of input, forget, and output gates, which enable the
regulated movement of information into and out of the
memory cell.

A good method for describing images involves using
Convolutional Neural Networks (CNNs) along with
attention mechanisms in combination with LSTM-
RNN structures. LSTM enhances the model's ability
to understand the sequence of connections in the
output descriptions.

While CNN is effective at capturing spatial features
from images, the attention mechanism focuses on
specific areas of interest. This combined approach
uses the unique strengths of each part to create a full
model that can handle tasks needing both order and
spatial awareness. This collaborative method
significantly ~ enhances  overall effectiveness,
producing outcomes that are more detailed in context
and more precise.

The development of an image captioning model
involves thoughtful attention to the steps of data
extraction and processing. Datasets like Flickr8k are
great for evaluation and training because they offer a
wide range of images along with detailed explanations
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for each. To ensure seamless integration of the data
into the training process, the data preparation involves
cleaning and organizing the information [4][5]. To
enhance its ability to generate accurate and meaningful
captions as shown in Fig.[2], the algorithm is trained
to recognize patterns and connections between visual
features and corresponding textual information.

This approach can be applied to various other areas
and is not limited to generating descriptions for
images. The attention mechanism was first created for
machine translation but has since been applied to
many different tasks in natural language processing.
Tasks like text summarizing show how versatile the
model is, as it focuses on key information and creates
clear, concise summaries. In addition, attention
mechanisms have been demonstrated to enhance the
clarity and effectiveness of models when used in tasks
such as answering questions and analyzing sentiment.

In summary, the processes of natural language
processing, attention mechanisms, and image
recognition work together in a delicate way during the
captioning process. By combining attention
mechanisms with CNNs and RNNs, models can
effectively transform visual content into clear and
contextually relevant text descriptions. The ability of
these systems is further improved through the use of
datasets, precise data extraction, and effective model
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training, which opens up more possibilities for their
application across different areas.

IV. RESULTS AND DISCUSSION

The image captioning system, developed by
integrating advanced Recurrent and Convolutional
neural networks with a detailed attention mechanism,
achieved very promising results. The model
successfully generated clear and logical text
descriptions by paying attention to the main features
and detailed eclements within the images.
Thanks to the important and detailed role that the
attention mechanism played. Over the long training
phase, the system consistently demonstrated a clear
pattern of improvement, with significant increases
observed in both accuracy and loss metrics.
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Fig. 3. The above graph compares the expected result
and the obtained accuracy over time as epoch
overlaps for caption generation.

The accuracy trend shown in Fig. 3 clearly shows that
the model is becoming better at generating captions
that are highly responsive to small details in the visual
content and closely match the annotations provided as
the correct answers. At the same time, the significant
reduction in loss, as shown in Fig.4,
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Fig. 4. This graph shows the loss of error between the
captions generated and calculated captions over time
as the epoch overlaps clearly shows the model's ability
to minimize the differences between expected and
actual captions, which indicates its strong learning
abilities. The combination of these attention processes
along with thorough model training led to an image
captioning system that is highly reliable, capable of
providing meaningful text descriptions for a wide
range of visual content with greater accuracy. As
shown in Fig.2, the model's captions were not only
highly accurate but also effectively conveyed the
complex visual characteristics of the images,
highlighting the system's capability to understand and
represent the detailed aspects of the visual content.

V. CONCLUSION

Our initiative in generating image captions marks a
major progress in the areas of computer vision and
natural language processing. By combining
convolutional neural networks (CNNs), long short-
term memory recurrent neural networks (LSTM-
RNNs), and attention mechanisms, we have
introduced a new approach and developed a robust
framework. This process is very effective at creating

written descriptions that are.
Both naturally cohesive and richly contextualized for
a wide range of varied pictures.

Choosing to incorporate the Flickr8k dataset
deliberately significantly broadened our model's
experience with diverse linguistic and visual contexts.
Fig. 2 demonstrates this strategic enhancement,
significantly improving the overall performance and
adaptability of our picture captioning system.
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A notable enhancement to our work is the inclusion of
a text-to-speech feature, which represents an important
advancement that enhances the system's usability and
makes it more accessible to users. The impact of our
work is enhanced through the creative integration of
GTTS, which also increases its inclusivity and
adaptability to the diverse needs and preferences of
users.

This study emphasizes the broader effects of attention
mechanisms and also contributes to advancing the
quality of image captioning abilities. Our findings
suggest broader significance beyond the task of
generating image captions and indicate a significant
shift in how artificial intelligence is applied across
various domains. The addition of inclusive features
shows our commitment to creating a future where
technology adjusts to various user needs and helps
build an artificial intelligence environment that is
simpler and more welcoming.
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