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Abstract—The image caption is a technology that aids us in
comprehending the contents while employing machines to create
descriptive text for an image. The captions are generated using
Natural Language Processing (NLP) and Computer Vision (CV).
When the descriptions contain a single word like ’boy,” ”cycle,”
etc., the image captioning work is completed by combining the
detection method with image captioning when one predicted region
covers the entire image, such as a boy riding a bicycle. to combine
the tasks of localization and description It is presently a current
hot trend in deep learning development to use it to analyze visual
information and write descriptive text. This paper presented a
multilayer dense focus image captioning model. We used transfer
learning techniques to adjust pre-trained image classification
models and integrate them with long short-term memory network
(LSTM) architectures to evaluate the performance of each of the
combined frameworks. The variable length input is encoded into
a fixed-dimensional vector, which is taken as the maximum length
of the caption available mapped with the image, and the recurrent
neural network (RNN) uses this representation to ’decode” it to
the desired output sentence. We experimented with the Flickr8k,
Flickr30k, VizWiz, and MSCOCO datasets. According to the
analysis of experimental data on evaluation criteria, the model
described in this research can effectively accomplish image
captions according to the analysis of experimental data. Its
performance is better than classic image captioning algorithms.

* Index Terms—Image captioning, CNN, Inception V3, LSTM,
Natural Language Processing.

I. INTRODUCTION

Billions of images are taken every day. It is a challenging task
to classify and organize them in a way that allows us to recover
a specific group of pictures or a unique image quickly and easily.
or Al development and, particularly, how this technology helps
teach machines to recognize objects in visual media. Search
engines widely use automatic image captioning to retrieve and
show relevant search results to the user over the annotation
keywords, to categorize personal multimedia collections, for
automatic product tagging in online catalogs, computer vision
development, and other business and research areas [1], [2]. In
Artificial Intelligence, image captioning is a fundamental goal
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that explains objects, attributes, and relationships in an image
in a natural language sense [3]. When people share photographs
on social media, they frequently use these descriptions. Lastly,
perceptual reports describe the low-level visual features of
images, such as whether the image is a painting or a drawing
or the dominant colors or patterns [4]. It inputs an image and
outputs a short textual summary of the photo’s content [5]. The
machine must read and transform an array of numbers into a
meaningful sequence of words, as seen in Figure 1.

asmall red bird perched |
on a branch }

Input image Generated Caption

Representation of the image

Fig. 1. An example of a machine-generated natural language description for
a given image.

For decades, the computer vision community has been
working towards the ultimate objective of complete image
understanding. It has several applications, including semantic
image search, supporting chatbots with visual insight, and
allowing people with visual impairments to see the world
around them [6], [7]. The problems related to image caption
generation have emerged as a greater spectrum of research in
NLP and computer vision [8], [9]. Understanding an image’s
salient and semantic content requires a machine [10], the object
type, and the relationship between those objects, etc. The
method is significant for human life because it directs visually
disabled people to understand the visualized environment
by organ or to create an actual sense of intellectual robot
that exposes language, sensory, and visual networks [11].
A well-known encoder-decoder scheme, in which an RNN
is deployed to encode the source sentence [12], and an
additional RNN is deployed to predict the target sentence,

124
Authorized licensed use limited to: Shenzhen Technology University. Downloaded on August 07,2024 at 21:02:53 UTC from IEEE Xplore. Restrictions apply.



is currently working on this topic [13]. This method has
established its appliances in several fields: text recognition
[14] and speech recognition [15]. It is important to classify the
leading methods into two main streams. An end-to-end, encoder-
decoder architecture implemented from machine translation
takes one stream. A convolutional neural network (CNN) [12],
for instance, was used to obtain high-level image attributes,
and then they were fed into an LSTM for caption generation.
Search engines widely use automatic image captioning to
retrieve and show relevant search results to the user over
the annotation keywords, to categorize personal multimedia
collections, for automatic product tagging in online catalogs,
computer vision development, and other business and research
areas. We’ve picked some interesting use cases where this
technology can be helpful and profitable. this neural system
for image captioning uses an image as input, and the output is
a sentence describing the visual content of a picture. Image
captioning can be regarded as an end-to-end Sequence problem,
as it converts images, which are regarded as a sequence of
pixels, to a sequence of words [23]. For this purpose, we need
to process both the language or statements and the images. We
use recurrent neural networks for the language part, and for
the image part, we use CNN to obtain the feature vectors. This
paper uses deep learning to design an image captioning model
based on the encoder-decoder structure. The extended deep
CNN is used as an encoder to extract image features, and the
-LSTM network is used to generate descriptive sentences. This
paper focuses on the end-to-end automatically generated image
captioning model, and the main contributions are as follows:

The main contributions of our work are as follows:

o Using transfer learning to adopt a classification model
and perform feature extraction on images

o We innovatively employed transfer learning techniques
to adapt pre-trained image classification models and
seamlessly integrate them with LSTM architectures. This
approach facilitated efficient feature extraction from
images, enhancing the model’s ability to generate accurate
and contextually relevant captions.

e A hybrid deep neural framework for image caption
generation, leveraging the powerful InceptionV3 model
for feature extraction. By implementing a fully integrated
image detection model, we achieved superior performance
on benchmark datasets like Flickr8k, Flickr30k, VizWiz
[17], and MSCOCO [16], surpassing baseline models
across various evaluation metrics.

o We thoroughly evaluated our proposed model, utilizing
automatic evaluation metrics such as BLEU, METEOR,
and CIDEr. Through rigorous comparison with existing
image captioning algorithms, our model consistently
demonstrated superior performance, highlighting its effec-
tiveness in generating high-quality image captions.

II. RELATED WORK

The strategies of image captioning can be categorized into
three groups [18]. template-based approach [19], [20] creates
captions based on templates for languages. The scan-based

approach [21] checks a sentence pool for the most semantically
related captions [12]. Current research primarily focuses on
language-based strategies with an encoder-decoder framework
[13], [22]-[24], where a CNN encodes images into visual
attributes and decodes attributes into sentences by an LSTM
[15], [25]. It has been shown that mechanisms of attention
[3], [23] and high-level attributes and concepts will assist
with captioning generation. Two other approaches are used to
boost the efficiency of sequencing learning models [23]. A new
attention technique, the so-called TA-LSTM [21], was initially
implemented to manage the image background information at
each level of LSTM. The LSTM structure was subsequently
redesigned, where the stack LSTM and the parallel LSTM
were deployed to achieve better performance over the regular
LSTM. CNN has been implemented in [15], whereby the
optimum title is chosen and accuracy is increased. But it
could not reliably count the objects. Furthermore, the LSTM
model is deployed in and improves visual attention. However,
the use of similitude between graphs requires consideration.
Similarly, gL.STM was used in, offering increased sensitivity
and balancing semantic information. Nevertheless, inaccurate
explanations may be made. The implementation of CNN
provides improved accuracy and an ideal title, but more needs
to be done with the dense image caption. In [37], VD-SAN was
suggested for better recognition of attributes and to improve
the captioning framework. However, it may confuse the LSTM
caption generator.

I11.

As we have observed using the traditional CNN-RNN model,
a vanishing gradient problem hinders the Recurrent Neural
Network from learning and getting efficiently trained. So, to
reduce this gradient descent problem, we propose this model in
this study to increase the efficiency and accuracy of generating
captions for the image. Figure 2, given below, is the architecture
for our proposed model.

MODEL ARCHITECTURE

2 dge i runging e <
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A dog is running through the
- - > grass
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OutputGenerted Caption
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RNN Decoder

Fig. 2. Architecture of Deep CNN-RNN Model.

We implemented a deep recurrent architecture that can
generate an English sentence that describes objects, actions, or
events in an RGB image:

F=q(M) ey
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where M is an RGB image and F' is a sentence, and q is the
function that need to learn. We used Flickr8k and MSCOCO,
Flickr8k, and VizWiz datasets. The captions are gathered from
human beings using Amazon’s Mechanical Turk (AMT). We
manually checked some examples side-by-side, comparing the
image and corresponding sentences. We found the captions
to be very expressive and diverse. Our models use a CNN,

which was pre-trained on Inception v3, to obtain image features.

We then feed these features into a vanilla RNN or an LSTM
network to generate an English image description.

IV. METHODOLOGIES ADOPTED FOR CAPTION
GENERATION

To feed data as input to the neural network, every image
in the dataset needs to be converted into fixed-size vectors.
The given images were scaled down to 299 x 299, the input
shape expected by the Inception Network. The preprocessing
function was applied to the given images. The captions were
read, and the genism library was used to preprocess them.
All captions were converted to lowercase; the genism library
removed numbers, symbols, and punctuations. All words of
length one were removed. The given captions were padded
with zeros, considering a maximum length of 35. Start and End
indicators were added to all the captions. Only those words

considered in the vocabulary appear at least 10 times in the data.

This was done to reduce model underfitting and reduce data size
for training. Thus, after applying global average pooling, the
model’s output would be a tensor of shape (1,2048). Feeding a
299 x 299 RGB image to this model encodes the image to the
data cleaning functions. For image caption generation, LRCN
maximizes the probability of the description giving the image:
0" = arg max Z logp(F' | M;0) 2)
(M,P)

where F' is the input image, and F' is the input sample
sentence. Let the length of a sentence N. The method utilizes
the chain rule to model the joint possibility in the below

equation Fy,. ..., F._1.

N

1ng(F|M) :Zlogp(Fc | M7F0a"' 7Fc—1)
c=0

3)

where theta is omitted for ease, F represents the word at
time c. The model consists of two components. The initial
component is a CNN that converts the image into a visual
feature of fixed length. The input e is incorporated as the visual
attribute in the RNN.

v = R.(CNN(M)) )

W represents the visual feature embedding. The RNN has
a consistent visual feature at every step. In the RNN, every
word is symbolized by a one-hot vector F,. with a dimension
matching the size of the dictionary. Special start and stop words
are represented by Fyy and Fly. Ry is the parameter for word
embedding.

2o =R.F.,ce{0---Z—1} 5)

This means the image and words are assigned to identical
coordinates in a single space. Following the RNN’s internal
calculations, the characteristics v, x., and internal hidden
variable h. are translated into a likelihood to forecast the
word at the present moment.

(6

A sentence with a higher likelihood does not guarantee
its correctness compared to other possible sentences, so a
technique like Beam Search produces additional sentences and
selects the fop-K sentences.

Pet1 = LSTM (e, z¢, he),c € {0---Z — 1}

A. Inception-v3 for Feature Extraction

Inception-v3 is a classical deep network composed of 11
Inception modules of five kinds in total. Experts with a
convolutional layer, activation layer, pooling layer, and batch
normalization layer design each module. These modules are
concatenated to achieve maximum feature extraction in this
Inception-v3 model. Here, the Inception modules adopt the
multi-scale concept. Every module includes numerous branches
with diverse kernel sizes like (1 x 1, 3 x 3,5 x 5 and 7 x 7).
These filters extract and concatenate diverse scales of feature
maps and transmit the combinations to the subsequent phase.
In every inception module, 1 X 1 convolutions are deployed
for reducing dimensions before deploying “‘computationally
expensive 3 X 3 and 5 X 5 convolutions”. RGB image to
this model encodes the image. Figure 3 visually outlines the
architecture, clearly understanding the module’s components
and their interactions.

Inception v3 starts with convolutional layers, which perform
feature extraction from the input image. These layers apply
convolution operations, often followed by batch normalization
and activation functions such as ReLU. The output of a
convolutional layer [ can be represented as:

(N

where W, represents the weights [/ — 1) is the input to
the layer, b; is the bias term, and x denotes the convolution
operation. The core of Inception v3 architecture consists of
multiple Inception modules. These modules use a combination
of convolutional filters of different sizes to capture information
at different scales. Towards the end of the network, there
are fully connected layers that perform high-level feature
aggregation and classification.

O; = ReLU (W1 xI_1+ b])

Ot. = ReLU (ch * Ofagien + bfc) (3)

where the weights are represented, O ¢latten is the flattened
output of the previous layer. The final layer of Inception v3
typically uses a softmax activation function to produce class
probabilities. The output of the softmax layer can be represented
as:
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e’
softmax (2;) = —

> j=1€7
z; represents the input to the softmax function for class
and is the total number of classes. Inception-v3 is a classical
deep network composed of 11 Inception modules of five
kinds in total. Experts with a convolutional layer, activation
layer, pooling layer, and batch normalization layer design
each module. These modules are concatenated to achieve
maximum feature extraction in this Inception-v3 model. Here,
the Inception modules adopt the multi-scale concept. Every
module includes numerous branches with diverse kernel sizes.
These filters extract and concatenate diverse scales of feature
maps and transmit the combinations to the subsequent phase.
In every inception module, 11 convolutions are deployed to re-
duce dimensions before deploying “computationally expensive
convolutions.” RGB image to this model encodes the image.

©))

CNN Encoder: B= 7 x q (10)

Equation 10 describes how the CNN model works where
input, ¢ = filter, X is a convolution operation, and is the
extracted feature. A filter is an array of values with specific
values for feature detection. The filter moves to every part of
the image and returns a high value if the feature is detected.
If the feature is not present, then a low value is returned. The
filter can be described as a kernel, a matrix with specific values.
The image is also a matrix with different values corresponding
to the pixel’s intensity at that point ranging from 0-255. This
helps in extracting features from the image. A 33 size kernel
was adopted experimentally for the model used in this research,
as it offered greater accuracy in the time required to traverse
the whole scan.

Extract Feature

AR A AR )
L G G T R
NWACOAC A A

Train this part only :
=

Fig. 3. Architecture of inception v3 module.

B. Language Decoder

LSTM models are used in the domain of NLP. This part
of the model concatenates the CNN and LSTM parts. Given
an input sequence, a basic RNN model generates the output
sequence, which depends on the input length. Between the
input layer and the output layer, there is a hidden layer, and
the currently hidden state ht is estimated using a recurrent unit:

he = f (he—1,2¢) (11

where is the current input, h;_ is the previous hidden state,
and f can be an activation function or other unit accepting both

as input and producing the current output ht. The concatenated
data is fed to a 256-unit dense layer followed by a dropout layer
to prevent overfitting. Another dense layer has been added with
the softmax activation for the inferencing part. The number of
units in this layer has been set equal to the vocabulary size.
This outputs a sequence of the next probable words to create
a generated caption. LSTM layers can also be added to this
part of the model for more complex models. In Figure 4, the
LSTM cell indicates that activation functions are hidden layer
vectors and input vectors.

Coa [ ™ G
. ; , >
* la;lh
ft Ly A ()tr» x
Gl l
o a tanh a
0 N I N i

Xt

Fig. 4. Long short-term memory unit.

iy = o (Ulz + Uphi—1 + b;) (12)
fo =0 (Ufa+ Ul by + ;) (13)
or = 0 (Ulzy + UPhy_1 + b,) (14)
¢ = tanh (USzy + Ughi—1 + be) (15)
ct = fe X cio1+ i X ¢ (16)

ht = o¢ x tanh (¢;) 17

where U?.,Uf. U° . are weight matrices for corresponding
gates, and b. are bias terms learned from the network. The
input gate i decides the degree to which new memory is added
to the memory cell. The forget gate f determines the degree to
which the existing memory is forgotten. The memory cell c is
updated by forgetting part of the existing memory and adding
new memory.

C. Sentence generation

The output of LSTM is the probability of each word in the
vocabulary. Beam search is used to generate sentences. Beam
search is a heuristic search algorithm that explores a graph by
expanding the most promising node in a limited set. In addition
to beam search, we use k best search to generate sentences.
It is very similar to the time-synchronous Viterbi search. The
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method iteratively selects the k best sentences from all the
candidate sentences up to time t and keeps only the resulting
best k of them.

V. EXPERIMENTAL SETUP

To design a well-implemented Image Caption Generator
experiment, we had to carefully plan it out to ensure we could
provide the most accurate and encompassing captions for our
images. For this reason, we chose three publicly available
datasets, Flickr8k, Flickr30k, and MSCOCO, each containing
images and their respective captions, which can be used for
training and testing purposes. We used transfer learning for
the InceptionV3 architecture since we used pretrained weights
to extract features of our images, and for the language model,
we used a pretrained word embedding model to improve
it. Captions were pre-processed rigidly through tokenization

and vocabulary constriction to maximize the model efficiency.

Training data were prepared as triplets of (image, source
caption, and target caption), where the LSTM cell predicts the
target caption words from image representations and previously
generated words. The reference architecture of the model was
an Encoder-Decoder architecture, with intermediate model
weights saved for later re-training. Different evaluation metrics
were used to assess the quality of the generated caption. Text
normalization and convolution architecture with state-of-the-art
technology were used to maximize the model’s efficiency. In
conclusion, the experimental setup was designed and conducted
to maximize the effectiveness and reliability of the Image
Caption Generator with diverse image datasets.

A. Datasets and Evaluation Measurements

This section provides insight into the datasets employed
and the evaluation metrics for assessing our methods. Figure 5
illustrates examples of different datasets and their corresponding
ground truth sentences, showcasing the diversity and richness
of the data sources utilized in our study. The Microsoft COCO
Dataset, with its vast image collection and human-generated
captions, serves as a primary resource, complemented by
Flickr8k, Flickr30k, and VizWiz datasets, each offering unique
attributes for evaluation. We employ BLEU 1-4, Meteor, Rouge-
L, and CIDEr metrics to quantify the fidelity of generated
captions specifically designed for image captioning tasks.
Integrated with MSCOCO tools, these metrics facilitate a com-
prehensive quantitative analysis, enabling rigorous comparison
with existing methodologies and driving advancements in the
field of image captioning research

1) MS COCO: The Microsoft COCO Dataset is a massive
image recognition, segmentation, and captioning dataset. MS
COCO dataset has several features, including object segmen-
tation, recognition in context, multiple objects per class, over
300,000 images, over 2 million instances, and 80 object
categories. Each image is accompanied by 5 human-generated
captions for that particular image. The dataset is used in the
experiments for image captioning methods [5]-[8], [12], [13],
[19], [22].

A small girl in the grass plays with finger paints in front of a white canvas with a rainbow on it
Alittle girl covered in paint sits in front of a painted rainbow with her hands in a bowl

There is a girl with pigtails sitting in front of a rainbow painting

Alittle girl is sitting in front of a large painted rainbow.

Young girl with pigtails painting outside in the grass.

Filicki30k
1
e ’
=k

1
2)
3)
4
5)

ashirtless man lies on a park bench with his dog
aman sleeping on a bench outside with a white and black dog siting next to him.
aman lays on the bench to which a white dog is also tied .

)
)
)
)
)
) man laying on bench holding leash of dog sitting on ground
)
)
)
) aman lays on a bench while his dog sits by him

Filickr8k

) Plates of oranges, apples, a doughnut, and pastry.
) Some various pastries and some bowls of fruit

) Alarge donut is nextto plates and bowis of fruit,

) plates and bowls of donuts and oranges on a table.
) aclose up of a plate of a doughnut.

MS COCO

1) A blue-clad football player and a red-olad footballer
engage in play.

VizWiz

Fig. 5. Examples of image datasets and corresponding captions.

2) Flickr8k: Flickr8k is a popular dataset that contains
8,000 images from Flickr. The training data comprises 6,000
images, while the test and development data comprise 1,000
images each. Humans have annotated five reference captions for
each image in the dataset. The dataset contains five reference
descriptions for each image, and Table I summarizes the number
of images in each dataset. The dataset uses various syntaxes
to define the same image, allowing for multiple independent
descriptions.

3) Flickr30k: Flickr30k is another popular dataset for image
captioning tasks with 31,783 images. For this paper, we
are considering splitting 1,000 images for testing, 1,000 for
validation, and 29,783 for training the models. Five captions
also accompany each image in this dataset.

4) VizWiz: VizWiz-Captions consists of 39,181 images
originating from people who are blind that are each paired
with 5 captions. VizWiz consists of visual questions asked by
blind people seeking answers to their daily visual questions. )
Blind photographers capture images, and so are often of poor
quality.

TABLE I
DATASETS FOR IMAGE CAPTIONING.
Dataset Train Validation  Test ?apnons/ Avg Caption
mage length
MS COCO 82783 40504 40775 5 10.5
Flickr8K 6000 1000 1000 5 11.8
Flickr30K 29,783 1,000 1,000 5 12.3
VizWiz 23,431 7,750 8,000 1 12.6

B. Evaluation Metrics for Image Description

Image captioning metrics were primarily developed to
evaluate the text produced by machine translation models
and compare the generated captions’ quality to the ground
truth, as shown in Figure 6. Each metric uses its computation
method and has its own set of advantages. The caption
evaluation metrics are designed specifically for the image
captioning task and evaluate captions generated by captioning
image models. Four commonly utilized assessment criteria,
namely BLEU 1-4 (Bilingual Evaluation Understudy), Meteor
(Metric for Evaluation of Translation with Explicit ORdering),
Rouge-L (Recall-Oriented Understudy for Gisting Evaluation -
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Longest Common Subsequence), and CIDEr (Consensus-based
Image Description Evaluation), are employed to assess the
quality of produced sentences using the publicly available
MSCOCO tools to analyze the effectiveness of our proposed
approaches quantitatively. All n-grams in the generated and
reference sentences are compared using these metrics to assess
their consistency. To accurately compare with current image
captioning methods.

“A dog holds a football”
“A dog is lying in the grass
“A dog plays with a football”

BLEU
METEOR
ROUGE
CIDEr

Reference Captions

\ /

*A dog playing a football

in the grass”

Candidate Caption

Fig. 6. Evaluation metrics for image description. Assessing caption quality
in image captioning models against ground truth references.

VI. RESULTS AND COMPARISON

This section presents quantitative results on the quality of
the outputs produced by several image captioning models.

A. Quantitative Analysis

The quantitative results reported in this section demonstrate
the efficacy of the proposed method. In Table II to Table
V , state-of-the-art models are compared with the proposed
method on four datasets: MS COCO, Flickr8k, Flickr30k, and
VizWiz. Note that our method outperforms these established
benchmarks in multi-comparison.

TABLE 11
COMPARISON OF THE PROPOSED MODEL WITH VARIOUS BASELINE
APPROACHES ON THE MSCOCO DATASET

MODEL B-1 B-2 B-3 B-4 Rouge CIDER METEOR
phi-LSTM [8] 0.69 0.52 0.38 0.28 0.1 0.90 0.24
Stim-dri [35] 0.74 0.52 0.36 0.23 0.50 1.04 0.23
r-GRU [34] 0.76 0.57 043 032 0.54 1.10 0.27
Our 0.79 0.59 046 0.37 0.61 1.10 0.29

Tables II -V show our model’s quantitative comparison and
analysis against different baseline approaches. Table II shows
that our model performs competitively against phi-LSTMcite
[8], Stimulus concept-drivencite [35], and -GRU (PoS) [34].
Table II shows that our model performs competitively against
Self-Critical, phi-LSTM [8], and Top-Down Attention [38].
Table IIT shows that our model performs competitively against
BabyTalk [39], Compositional [37], and attention-seq-to-seq
[27].

In Table V, the proposed framework performs more com-
petitively than ACR-RNN [36]. From Tables II-V, our model
performs competitively with the current state-of-the-art baseline
approaches, which means that our model can increase the
accuracy of image captions.

TABLE 111
COMPARISON OF THE PROPOSED MODEL WITH VARIOUS BASELINE
APPROACHES ON THE FLICKR30K DATASET

MODEL B-1 B-2 B-3 B-4 Rouge CIDER METEOR

Self-Cri [20] 0.65 044 030 020 043 0.43 0.18

phi-LSTM (8] 0.64 045 031 021 044 0.45 0.19

Top-Down Att [38] 0.69 0.52 0.38 0.28 0.48 0.57 0.21

Our 0.71 048 038 027 047 0.49 0.29
TABLE IV

COMPARISON OF THE PROPOSED MODEL WITH VARIOUS BASELINE
APPROACHES ON THE FLICKR8K DATASET

MODEL B-1 B-2 B-3 B-4  Rouge CIDER METEOR

BabyTalk [39] 0.356 0.218 0.152 0.107 0.261 0.375 0.174

Comp arch [37] 0.639 0.459 0319 0.217 0470 .538 0.204

Att Seq2Seq [23] 0.68 049 041 0.19 0.53 0.41 0.23

Our 0.69 051 042 021 046 0.43 0.24
TABLE V

EXPERIMENTAL RESULTS OF STATE-OF-THE-ART METHODS ON VIZWIZ
DATASET

MODEL B-1 B-2 B-3 B-4 Rouge CIDER METEOR

ACR-RNN [36] 0.57 0.37 0.24 0.14 0.40 0.30 0.15

our 0.61 043 029 0.19 043 0.27 0.13

The results show that our model can beat the current
state-of-the-art baseline approaches and achieve competitive
performance against them. Additionally, our model can be
used for the image caption task to generate a high-quality
image caption compared to the baseline approaches for four
image datasets. Figure 7 (a-d) compares the performance of our
approach and baseline models in terms of MSCOCO, Flickr30k,
Flickr8k, and VizWiz datasets for the image captioning task.
The statistical evaluation matrices depicted in the figures
indicate the uniform performance of our model on different
datasets. This demonstrates that our approach achieves the best
results on the image captioning task on different datasets.

— T

[ +-GRU(POS)
. our

B scf-Critical

[ phi-LST™
b) Flickr30k  [E8 Top-Down Attention
o

ur

) MS COCO

R METEOR

(I BabyTalk

CIDER | METEOR

[ ACR-RNN
B our

¢) Flickr8k d) VizWiz

(]
[

BLEV | BLEG2 LEU4 Rouge | CIDER | METEOR BLEVA | BLEV:2 | BLEVS  BLEUM  Rouge | CIDER | METEOR

Fig. 7. Evaluation metrics for image description. Assessing caption

B. Qualitative Analysis

of the proposed visual Insight deep multilayer fusion with
Inception-based LSTM for descriptive image captioning reveals
the promising nature of the model based on multiple datasets.
Figure 8 illustrates its application with the MSCOCO dataset,
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showcasing its effectiveness in handling diverse visual data.
Figure 9 extends this analysis by demonstrating the approach’s
performance with the Flickr30K dataset, emphasizing its
adaptability across different image collections. Furthermore,
Figure 10 presents insights gained from employing the approach
with the Flickr8K dataset, highlighting its scalability and
robustness. Finally, Fig. 11 offers a visualization of the
approach’s application with the VizWiz dataset

two children laying in aherd of giraffes and | two children laying in four planes flying in the | a woman holding a
bed zebras grazing in a field bed sky

tennis racket

A

a person skiing down a
snowy slope

acatlaying on a
keyboard

ltwo trains are parked on|a table topped with a bunch of
the tracks near trees different types of vegetables

alitle girl riding a bike in
aroom

Fig. 8.
dataset

Visual representation of the proposed approach using the MSCOCO

Although most of the generated captions are informative and
contextually accurate, there are instances when the generated
caption deviates from the topic of the captioned image. As
pointed out above, the errors in depicting the generated caption
and the captioned image emanate from two main processes:
image recognition and text generation.

==
2 man fixing a pipe on
a concrete wall

a young boy kicking a
soccer ballin a field

a man riding a horse in
a competition

two dogs are playing with
each other on a leash

aman sitting on a board in
the water

|

alarge jetliner sitting on
top of an airport tarmac

a dog jumping in the air to
catch a frisbee

a police officer on a
motorcycle in a city

la man in a red and white uniform|a man and a woman paddle
is playing baseball a canoe through a river

Fig. 9. Visual representation of proposed approach using Flickr30k Dataset.

Nonetheless, the proposed model offers numerous benefits.
Specifically, the deep multilayer fusion architecture embedded
with Inception-based LSTM allows the current model to capture
intricate visual features and linguistic intricacies, which ensures
that all the generated captions are descriptive and contextual.

la woman sitting on a bench
talking on a cell phone

a small bird is eating a
piece of food

two people are standing in
the snow with their skis

acaris parked on the side
of the road

arow of trucks are parked
on a dirt road

(&

-

amotorcycle racer is racing
down the track

awhite bird standing on
top of a body of water

a person on a motorcycle
jumping in the air

a bird flying through the air with
atree

a parade of people riding
bicycles down a street

Fig. 10. Visual representation of proposed approach using Flickr8k Dataset.

In addition, the proposition of the model’s application on
multiple datasets indicates the robust nature of the model on
numerous image-captioning tasks. The qualitative outcomes,
therefore, portray the potential application of the model in
image understanding and contextual description.

la man wearing a watch
on his wrist

a person holding a
dollar bill in their hand

[a white washing machine
with a red light on it

la woman sitting on a bench
talking on a cell phone

a jar of nuts sitting on a
table

Fig. 11. Visual representation of proposed approach using VizWiz Dataset.

VII. CONCLUSIONS

This research study investigates developing an image caption
generator using deep learning techniques and integrating
CNNs with a recurrent neural network. Applying transfer
learning along with pre-existing models such as InceptionV3
and the integration of LSTM architecture has enabled the
development of almost correctly matching and topical models
to generate captions for the provided images. Finally, the
importance of preprocessing, the significance of hyperparameter
selection, and the value of evaluation through BLEUI1-4,
Meteor, CIDEr, and ROUGE. The potential of deep learning
demonstrates that it can be used to solve the hard problem of
image captioning. While recognizing the limitations and work,
mainly in achieving accuracy and diversity, future research
areas to be explored include using larger datasets, more
sophisticated model architectures, and multimodal integration
and connectivity to have the generated models perform better
and understand their context better. Ultimately, the work in
this research is towards developing state-of-the-art Image
captioning technology, with the findings able to foster more
innovations across various domains, from computerized vision
to accessibility tools, developing technology that can understand
and explain images by itself with more human-like fluency and
accuracy.
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