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Abstract
Understanding the qualities of an image and converting them into a phrase or 

sentence that makes sense is the process of image captioning. Neuroscience research has 
only recently made clear the connection between human vision and language formation. 
Although there have been many methods for captioning images, including content retrieval 
and template filling, the current trend is toward deep learning-based methods. Using an 
image encoder, feature vectors are created from an image through the deep learning process, 
and a language decoder converts these feature vectors into a string of words. Using encoder-
decoder approach or simple attention based has not provided so much efficient results. In 
the proposed model, double awareness-based mechanism has been used. The primary goal 
of this study is to extract visual properties from the region of interest (RoI) of an image 
as well as text features using the glove embedding technique. Inception ResNet version of 
Convolutional neural network (CNN) is used as an encoder. As a decoder, a gated recurrent 
unit is employed. The proposed model is tested on Flickr8k dataset and it can be seen that the 
results achieved through double awareness mechanism are highly effective.
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1.  Introduction

Image captioning is a process of understanding the image features 
and representing these features into a meaningful phrase or sentence. 
Only in the last several years has neuroscience research revealed the 
relationship between human vision and language creation[1]. There have 
been various approaches to image captioning like content retrieval and 
template filling but current trend is towards the deep learning-based 
approaches. Through deep learning process, feature vectors are created 
from an image using an image encoder and these feature vectors are 
transformed into a sequence of words using language decoder[2].

Variants of image captioning have been investigated as per the user 
needs and different captions styles. When the major focus is implicitly on 
low level visual features, image captioning can be perceptual. When the 
goal is to convey implicit and contextual information, it can be non-visual. 
However, when actual visual materials are presented, it can be conceptual 
[3].

The current trend to solve the task of image captioning is towards 
using the deep learning approach. In deep learning, Image encoder such 
as Convolutional Neural Network (CNN) is used to extract image features 
and Language decoder such as Long Short-Term Memory (LSTM) is used 
to convert these image features into an appropriate caption. [4]. Various 
deep learning-based approaches for image captioning have been presented 
in Figure 1. Recent improvements and innovations have been made in the 
usage of deep learning with relation to the attention mechanism, which 
concentrates on the most significant components of the input data. The 
following are the visual encoding strategies:

•	 Global CNN features (non-Attentive) [5] 
•	 Region based features (Additive Attention) [6] 
•	 Graphical attention [7] 
•	 Self-attention [8] 

A deep learning methodology uses language decoder to decode the 
image features received from image encoder. A language model’s purpose 
is to predict the likelihood of a given sequence of words appearing in a 
phrase. A language model, or language decoder, of an algorithm for 
creating image captions assigns a probability to a sequence of n words as 
shown in (1):



 DEEP LEARNING FRAMEWORK FOR IMAGE CAPTIONING� 1803

1 2 3 1 2 3 1
1

( , , , ., ) ( | , , , .. , ) (1)
n

n i i
i

P Y Y Y Y P Y Y Y Y Y X−
=

……… = ……∏

Where, X is representing the image encoding on which the language 
decoder is specifically conditioned. There are various language modeling 
strategies that has been used in past. The following are the major language 
modeling strategies [9]:

•	 Single or double layered LSTM based strategy [10]. 
•	 CNN based methods [11] 
•	 Transformer based architectures [12] 
•	 Image text early fusion based methods [13] 

In the proposed model, double awareness-based mechanism has 
been used. The primary goal of this study is to extract visual properties 
from the region of interest (RoI) of an image as well as text features using 
the glove embedding technique. Inception ResNet version of Convolutional 
neural network (CNN) is used as an encoder[36-38]. As a decoder, a gated 
recurrent unit is employed. The proposed model is tested on Flickr8k 
dataset and it can be seen that the results achieved through double 
awareness mechanism are highly effective [39-40].

Figure 1
Deep Learning Based Approaches Developed for Image Captioning
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2.  Related Work

From simple encoder and decoder-based methods to attention-based 
models have been developed for image captioning. A model is proposed 
that employs a graph convolutional network to obtain the object-to-object 
spatial relationship inside the image and also uses a picture-level GCN to 
capture the distinctive information offered by related images. This process 
makes the framework better in understanding the relationship between 
objects and other related information[14][15]. The author uses a tool called 
the Global Enhanced Transformer, or GET. As part of GET, a Global 
Enhanced Encoder and a Global Adaptive Decoder are created for the 
purpose of incorporating a global feature and guiding caption generation, 
respectively[16][17][18]. One strategy proposed is based on two-fold 
strategy. Firstly, present a general multimodal model fusion framework for 
caption creation and Then, using the same fusion techniques, we combine 
a visual captioning model called Show, Attend, and Tell with BERT, to 
correct syntactic and semantic problems in captions [19]. An author 
suggests a brand-new, fully trainable deep learning image captioning 
model that extracts motion information from an image in order to provide 
captions. On two datasets, MSR-VTT2016-Image and a number of 
copyright-free photos, our suggested model was tested [20]. Based on one 
more study, the visual features of an image’s region of interest (RoI) are 
retrieved and used as guiding data in gLSTM. This allows gLSTM to 
produce captions for images that are more accurate thanks to the visual 
elements of the RoI. It is suggested to use two approaches, one based on a 
region and the other on the complete image [21][22][23][24]. In one paper, 
a framework is put out that employs a gated recurrent unit as a decoder. 
Additionally, the suggested approach makes use of visual attention to 
enhance image attributes. Using the Flickr8K dataset, the proposed 
methodology has been put into practice [25]. A framework for image 
captioning called ATT-BM-SOM has been proposed in the following study. 
This model effectively fuses image data and creates high-quality captions, 
making up for the absence of image data selection and readable syntax 
[26][27][28]An Interactive Dual Generative Adversarial Network for 
picture captioning is suggested by the author of one publication. IDGAN 
has two generation-based generators and two retrieval-based generators, 
which mutually benefit from each other’s complementing targets that are 
learned by two dual adversarial discriminators. To be more precise, the 
generation- and retrieval-based generators offer enhanced synthetic and 
recovered candidate captions with instructive feedback signals [29].
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3.  Proposed Model

The following stages outline some significant changes that have been 
made to the deep learning-based encoder and decoder technique in the 
proposed framework.

•	 Inception ResNetV2 is used as a convolutional neural network 
•	 Region of Interest is identified for highly semantic visual features
•	� Glove embedding method is used to extract text based semantic 

features.
•	 A Gated Recurrent Unit serves as a decoder.

The encoder is used to extract an image’s visual components. Visual 
properties from the region of interest (RoI) of an image are extracted using 
CNN and by applying visual enhancement techniques. Text features are 
extracted using the glove embedding technique. Inception ResNet version 
of Convolutional neural network (CNN) is used as an encoder. As a 
decoder, a gated recurrent unit is employed. The suggested method 
generates an output caption y for each input image that is a list of words 
encoded as 1-of-K vectors as shown in (2),

1 2 3{ , , , ., },  € (2)K
n iy y y y y y R= ………

where the captions can be as long as n characters, while the vocabulary 
can be as long as K characters. The pictorial representation of the proposed 
model is shown in Figure 2. 

Figure 2
Double awareness deep learning based image captioning model
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Initially a <start> word is taken and along with embedding 
information and region-based features from encoder are applied to GRU. 
The SoftMax activation function is applied onto the output of the GRU 
decoder. At time step 1, it will generate first word of the caption. At next 
time step, the output word generated is applied as an input word and the 
same process is applied again. Now, it will generate a new word for the 
caption after applying SoftMax activation function. This process is 
repeated until a specific word like <end> is produced by the decoder or 
the condition of number of words to be generated is fulfilled. At time step 
k, total k-1 number of words generated are applied as an input to the 
decoder. 

3.1 InceptionResNetV2

With the help of Inception ResNet, features are taken out of the fully 
connected layer of the network, which creates the vector F that contains 
the overall information about the image as shown in (3)

_ Re ( ) (3)F Inception sNet I=

Here, F is a vector that is produced from the last convolutional layer 
of the CNN. This is fully connected layer and contains the overall 
information of the image.

3.2 Gated Recurrent Unit (GRU)

A form of RNN is LSTM. Because it addresses the problems with 
basic RNN, it is superior to simple RNN. Exploding gradient, disappearing 
gradient, and long-term dependency are two of the main problems that 
simple RNN encounters [30]. GRU is a more recent iteration of Recurrent 
Neural Network (RNN), which was created in 2014 and is rapidly gaining 
popularity. Traditional RNN has an issue with short-term memory. LSTM 
and GRU are two unique RNN subtypes. As GRU is lighter version of 
LSTM, the proposed model has used GRU as a decoder. GRU eliminates 
the RNN’s gradient problem and is very beneficial for applications 
involving sentence production. Short-term memory and long-term 
memory are combined in GRU’s hidden state. While the update gate of 
GRU understands how much of the past memory to preserve, the reset 
gate knows how much of the past memory to forget. GRU architecture is 
shown in Figure 3.
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Figure 3
GRU Architecture

When captioning an image, GRU uses an input vector from CNN that 
represents theregion-based features of the image and word vectors using 
embedding methods then generates the caption for the one that has been 
provided. By using these data and an initial word, GRU predicts one word 
at a time and at next iteration this output word is used as an input word. 
The GRU works as in (4):

1( , ) (4)t t th GRU X h −=

Here Xt is the input vector and ht-1is the previous hidden state. The 
internal mathematical equations of the GRU are as follows:
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Initially at (t-1) time step, pointwise multiplication takes place 
between update gate vector and hidden state, while the same operation is 
performed between input vector and the update gate weight vectors. The 
bias vector is multiplied with the guiding information vector and is 
combined with these two other vectors. At next time step (t), specified as 
in (5), the total result is subjected to the sigmoid function to produce a new 
update vector. One pointwise multiplication takes place between weight 
vector of reset gate and input vector. The multiplication of guiding 
information vector and bias vector is then added in addition to these two 
vectors. As demonstrated in (6), an activation function (sigmoid function) 
is applied to the overall outcome to produce a new vector for reset gateat 
every time step (t). The gate vector is updated and reset for time step (t).
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A pointwise multiplication takes place between weight vector of 
hidden state and input vector. Pointwise multiplication of the update 
vector and regular multiplication of the recently created reset vector are 
applied to the concealed state vector. The outcome is included in the 
multiplication of guiding information vector and bias update vector. 
According to (7), it creates a somewhat new hidden state or output state. 
The update vector’s negation is multiplied by this moderately created 
hidden state.Update vector is aggregated by the previous concealed state. 
As demonstrated in (8), these two different vectors are combined to 
produce the GRU’s output at time step (t). The new hidden state is also the 
output at time step t.

3.3  Visual Enhancement and Semantic Features Extraction

Region based features are extracted by CNN using RoI segmentation. 
First, the difference of Gaussian (DoG) technique detects the initial 
important key points. The mathematical equation as in (9) for DoG is 
shown as:
                      ( , , , ) ( , , ) ( , , ) (9)F x y k M x y k M x ys s s= −

The image’s pixel coordinates are (x,y), and the standard deviation of 
the normal distribution is σ. k is a multiplicative constant whose value is 
approximated to 1.4 for calculational purposes.Two-dimensional 
convolution function as in (10) for each image is calculate as:

( , , ) ( , , ) ( , ) (10)M x y H x y i x ys s= ∗

Where the calculation of G(x,y,σ) is shown as in (11):
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Now, only dense points are saved and the rest are discarded using a 
filtering technique. Based on the number of key points, a threshold value 
is decided in between 1 and 5. Now statistic function is applied on each 
key point and output is compared with the threshold value. If output is 
larger or equal than the threshold value then it is kept as 1 otherwise it is 
kept as 0. Now, key points having value as 1 are dense points and are 
stored for further processing of finding the region of interest. The left and 
right boundaries are obtained using these dense key points and visual 
enhancement region is obtained as shown in Figure 4. 
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Figure 4
Visual Enhancement Method to Generate Region of Interest from an Image

3.4  Word Embeddings

In NLP systems, treating words as atomic units and representing 
them as vocabulary indexes is the most straightforward method of 
processing text. Word embeddings are a better method for generalization 
to cases that have not been observed before, because they may take into 
account the syntactic and semantic aspects of words. There are several 
word embedding techniques available, including GloVe, Word2Vec, and 
FastText[31]. Word embeddings are improved during the training process 
to increase the likelihood of other words occurring within a specific range 
in the graph. To find the optimum combinational architecture for a new 
application while taking contextual semantics into consideration, we have 
looked at and studied many images captioning models from a variety of 
areas[32]. Word embedding is important as a readable and grammatically 
sound sentence is essential for understanding and the order in which the 
words are used to create the captions is most significant [33]relatable 
meaning of the scenario inscribed. Different models can be used to 
accomplish this arduous task depending on the context and requirement 
of what needs to be achieved. An encoder–decoder model which uses the 
image feature vectors as an input to the encoder is often marked as one of 
the appropriate models to accomplish the captioning process. In the 
proposed work, a dual-modal transformer has been used which captures 
the intra-and inter-model interactions in a simultaneous manner within 
an attention block. The transformer architecture is quantitatively evaluated 
on a publicly available Microsoft Common Objects in Context (MS COCO. 
Glove embedding technique has been applied to the proposed model in 
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order to generate vector representations of the captions and extract text 
features.

4.  Results

The most well-known image captioning datasets are MSCOCO, 
Flickr30K, and Flickr8K. There are five captions for each of the 8,000 
photographs in the Flickr8K collection. In total, the Flickr8K dataset’s 
photographs have 30.000 captions. The dataset, which include examples 
from numerous categories, are quite effective at captioning images. Images 
are selected from the databases and utilized for training, testing, and 
validation. The dataset used in this study for the model is Flickr8K. In 
Table 1, a summary of the Flickr8k dataset is displayed. 6,000 of the 8,000 
total photos were used for training. The remaining 1,000 photos were 
utilized for validation and the first 1,000 were used for testing. However, 
the captions have been pre-processed so that words that might no longer 
be useful in creating better sentences for the search photos have been 
ignored.

For image captioning purposes, a variety of evaluation metrics are 
utilized. The model has been assessed in this study using the BLEU, 
METEOR, ROUGE, and CIDEr scores. The BLEU score measures how 
closely the generated and referenced captions match[34. The BLEU score 
ranges from 0 to 1. Scores of 0 indicate no matching between the generated 
and referred captions, whereas scores of 1 indicate complete word 
matching. BLEU-1, BLEU-2, BLEU-3, and BLEU-4 are the names of the 
four BLEU metrics scores. The BLEU-1 score demonstrates the 
correspondence of one word or grammatical unit between the generated 
and referred captions. Similarly, the other BLEU scores measure the 
correspondence of n words between referenced and generated captions. 
The main purpose of the METEOR evaluation measure is to concentrate 

Table 1
Flickr8k dataset

Flickr8K
Dataset

Dataset with 
Images

Data size for 
Training

Data size for 
Testing

Data size for 
Development

8K Images 6K Images 1K Images 1K Images
Captions for 
each image

Dataset 
captions

Distinct words Maximum caption 
length (In words)

5 40,000 8763 40



 DEEP LEARNING FRAMEWORK FOR IMAGE CAPTIONING� 1811

on word synonyms. The quality of the generated caption cannot be 
determined by the BLEU score alone. CIDEr and ROUGE are two other 
metrics that have been examined and are given in the final matrix[35]. The 
trial outcomes for the model using the Flickr8K Dataset are displayed in 
Table 2. According to the comparative study in Figure 5, the suggested 
model for image captioning has produced superior outcomes to a number 
of other current models. ResNet and Inception V3 encoders and GRU 
decoder along with double awareness mechanism are used to test the 
proposed model.

When compared to other existing models like NIC (InceptionV3 and 
LSTM), NIC (InceptionV4 and LSTM), and Attention Model (ResNet and 
GRU), the suggested model produced better results. One model employs 
LSTM as the decoder and InceptionV3 as the encoder. The BLEU scores 
(BLEU-1, BLEU-2, BLEU-3 and BLEU-4) in this model are 0.725, 0.596, 
0.488, and 0.402, respectively. 

The BLEU scores (BLEU-1, BLEU-2, BLEU-3 and BLEU-4) for ResNet 
and GRU based model, are 0.742, 0.618, 0.508, and 0.419, respectively. The 
proposed model, which combines a double awareness mechanism with a 
ResNet encoder and GRU decoder, has been found to produce the best 
outcomes of all these models. The BLEU scores (BLEU-1, BLEU-2, BLEU-3 
and BLEU-4) for the proposed model are 0.752, 0.621, 0.518, and 0.429, 

Table 2
Results of the experiment utilising different encoders as decoder

BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE CIDEr
NIC (Inception 
V3)
using LSTM 

0.725 0.596 0.488 0.402 0.346 0.597 1.107

NIC (Inception 
V4)
using LSTM 

0.721 0.590 0.483 0.398 0.344 0.592 1.131

Proposed 
Model (Double 
awareness-based 
mechanism 
using ResNet 
and GRU)

0.752 0.621 0.518 0.429 0.382 0.615 1.119

An Attention 
Model (ResNet 
and GRU)

0.742 0.618 0.508 0.419 0.372 0.605 1.109
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respectively. In addition to BLEU scores, the suggested methodology has 
improved results for additional evaluation measures. On the Flickr8K 
dataset, the proposed approach is used to produce some samples of image 
captions in Figure 6. Sentences are grammatically and semantically sound, 
and generated captions are quite pertinent to the photographs.

Figure 6
Image caption creation utilising the suggested model

Figure 5
Analysis of Various Models in a comparative manner
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5.  Conclusion

The encoder-and-decoder method, together with a double awareness-
based mechanism, has been used in the study to implement image 
captioning. In the proposed model, double awareness-based mechanism 
has been used. The primay goal of this study is to extract visual properties 
from the region of interest (RoI) of an image as well as text features using 
the glove embedding technique. Inception ResNet version of Convolutional 
neural network (CNN) is used as an encoder. As a decoder, a gated 
recurrent unit is employed. The proposed model is tested on Flickr8k 
dataset and it can be seen that the results achieved through double 
awareness mechanism are highly effective. The suggested framework, 
outperformed rival frameworks in terms of BLEU scores. In the suggested 
paradigm, BLEU scores and other evaluation scores like CIDEr, METEOR, 
and ROUGE are much higher. Future study will put greater emphasis on 
using additional attention mechanisms and diverse datasets so that many 
more things can be covered for the purpose of image captioning.
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