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Abstract: The process of deriving written descriptions from a picture based on the items and behaviours portrayed
is known as image caption generation. The resulting description will represent what is in the image and the
interactions among the objects. However, like with any other image processing challenge, recreating this
characteristic in an artificial system is a difficult feat, and so the adoption Deep Learning procedures can help to
tackle the problem. The main goal of this project is to generate an image captioning model that can provide a concise
and relatable description of the picture by incorporating an attention mechanism. Ideally, the model can be
separated into two components — one is called Encoder and the other is a Decoder. The encoder used here is a
Google InceptionV3 pre-trained model. And the decoder is a language-based model, Gated Recurrent Unit (GRU) to
translate the characteristics and objects provided by the encoder into natural sentences. Furthermore, the model's
effectiveness is aided by the attention mechanism. To conclude, the model is trained on a subset of the MS COCO
dataset, which contains about 80,000 pictures with at least five descriptions each and evaluated based on the BLEU
score. To reduce the loss, the model weights are tuned using the categorical cross-entropy loss function. The results
of the model are promising and competitive.

Keywords: CNN-RNN Architecture, Inception V3, Attention-mechanism, Gated recurrent unit (GRU), BLEU-metric.

I. INTRODUCTION
A computer can't tell what is there in a picture, unlike humans. We human beings can able to differentiate actions in
the world based on our knowledge. For a computer to analyse and differentiate the objects and actions in an image
is hard but not impossible. Deep learning advancements have led to the development of a model which can generate
captions for an image with the help of a large collection of data and computation power. This helps to give some
meaning to huge data, which also creates an impact in future research. Many applications can benefit from a model
that provides descriptions for images automatically.

Enhancing the accuracy of search engines, self-driving automobiles, identification, and vision applications are just a
few examples. Image captioning began to rely on deep learning for its recent advances. Usually, the encoder-decoder
framework is employed, where CNN is used as an encoder to extract information from images. RNN is employed as a
decoder to convert this representation into a natural language description. A CNN, on the other hand, must
condense all of the input data and then sent to the decoder. It is possible that compressing input sequences will
result in data loss. The CNN - RNN image captioning architecture includes an attention to focus on one part of the
image while generating a single word. The visual attention aids in reducing the impact of irrelevant words while
generating a single word at a point of time that is appropriate to the current context.
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A. Problem Definition

Human participation is usually required to annotate images, making it a near-impossible process for large

commercial databases. Deep learning can aid in the dynamic annotation of these photos. Image captioning aims to

create a logical and holistic explanation of an image's content. The project's purpose is to create an image captioning

model that uses attention to construct a description from an input image.

B. Existing System

From retrieval-based and template-based methods, image captioning has grown rapidly in recent years. Retrieval

based methods tries to extract similar-captioned images to the query image by leveraging distance metric and

combine all the retrieved captions together to generate new caption. In the future, this approach may not be able to

produce new descriptions. In case of template based methods, it maintains a collection of sentence templates which

work according to the scenario in the image and tries to fill the template by depicting particular objects or actions

present in the target image. The main drawback of this technique is it cannot able to generate variable length

captions even though they are grammatically correct.

C. Proposed System

The proposed model employs a CNN to encode a picture which contains the nuances of the image. This is

subsequently utilized to build a context vector by the attention layer. Later the RNN decodes the information

produced by the attention model into a sequential, comprehensible statement.

Il. LITERATURE SURVEY
Potential research work carried out on various techniques for the image caption generation using different
techniques and has been discussed in the following paragraphs. Various researchers have employed different
mechanisms for captioning the image and to find out the most useful features.
(Genc Hoxha et. al.) Proposed an image captioning framework that combines generation and retrieval-based image
captioning in this research. Multiple descriptions are generated by combining CNN-RNN architecture with beam-
searching. Instead of generating a single visual description, beam search assists in the generation of many
descriptions. The experiments are performed on RSCID dataset. The use of more advanced lexical similarity can
improve the lexical similarity between the generated and reference descriptions. [1]
(Ansar Hani et. al.) Put forth an encoder-decoder structure for an attention-based picture captioning model. The
attention mechanism helps you focus on certain parts of a visual rather than the complete picture. The encoder is a
pre-trained Google InceptionV3 model, and the decoder is a Gated Recurrent Unit (GRU). The encoder uses CNN to
extract the image's features, while the decoder derives relevant descriptions. The model was tested by MSCOCO
dataset, and the outcomes were provided. The model's is assessed using Adam's adaptive gradient optimizer. [2]
(Soheyla Amirian et. al.) Created a GAN network, which comprises a Descriptor and a Generator, in this study. The
Variational Autoencoder (VAE) is employed which helps in mapping the input to a distribution. Auto-encoders are
neural networks that learn data encodings without being supervised. The model added sentiment and diversity to
the captions to generate more human-like descriptions, rather than the predefined templates. The model is
evaluated using MSCOCO dataset. [3]
(Niange Yu et. al.) Introduced an image-captioning architecture in this study that constructs descriptions based on a
given topic. The multi-label classifier selects the subjects in a given image. The model takes an image-topic pair as
input and yields a natural sentence for the image as output. [4]
(Fang Fang et. al.) Developed a unique word-level attention layer to process visual attributes utilizing two modules
for reliable word prediction. The first module is a bidirectional spatial-embedding module for handling region
proposals, and the second extracts word-level attention, which is subsequently fed into the language model via an
attention approach. A recurrent neural network termed as Long-Short Term Memory (LSTM) is used in the language
model. The nuances are extracted using a convolutional neural network (CNN) from a picture. [5]

I11. DESIGN METHODOLOGY

The purpose of picture caption extraction is to provide a detailed and comprehensive description of the image's
content. When extracting the sentence, it evaluates not just the objects in the image, but also their relationships to
create sequences. An attention oriented CNN-RNN framework is used to accomplish this. The following is a general
outline of the work involved in creating captions for images:

e Model Architecture

o Data Collection and preprocessing

e Model Building

A. Model Architecture

Fig. 1 depicts the complete system framework. The dataset used for the system is MSCOCO dataset which contains
images along with five descriptions per picture [6]. Later pre-processing is done to generate a vocabulary set using
the dataset captions of the images and also resizing the images. The encoder-decoder framework along with the
attention mechanism is included in the model building. The goal of the attention model is to boost the model's
efficiency.
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The Google InceptionV3 model as an encoder is used to extract the nuances from an image and a RNN Gated
Recurrent Unit (GRU) is used to generate meaningful sequences. And the model efficiency is evaluated using the
BLEU metric.

Input Data Preprocessing [ Encoder
(Images) Images and {InceptionV3 CNN
g Captions Architecture)
Decoder
. Model Predicting
{Attention Model Evaluation Captions
+ RNN)

Fig. 1 Flowchart of model architecture.

B. Data Collection and Preprocessing

Although there are various resources, MSCOCO dataset is chosen which is very popular and known for its large scale
object detection tasks is used to train the model. This dataset comprises a collection of photos of daily activities
along with their captions. It contains over 80,000 photos, each of which is accompanied by at least five user-
generated phrases describing the scenario depicted in the photograph. Fig. 2 shows a picture from the dataset,
which consist of five reference descriptions.

<start> A large passenger bus traveling down a road past a park. <end>

<start> a public transit bus on a narrow city street <end>

<start> a fall day its chilly and the bus is traveling with is lights on <end>
<start> A white bus on a road between trees and fallen leaves. <end>

<start> an image of bus driving down the road <end>

Fig.2A apsot of |maefrom dataset.

1). Data Preparation and Preprocessing: The dataset has to be altered into a layout suitable for training the
model. As the dataset contains a different kind of images and descriptions there is a need for preparation and pre-
processing before being fed into the model.

2). Preprocessing Images: The dataset contains images of different dimensions; the images have to be scaled in
such a way that it is suitable for the model encoder. The encoder of the project accepts images of shape 299x299x3.
Each image must be scaled to the appropriate shape before feeding to the model.

3). Preprocessing Descriptions: The descriptions of the dataset contain English sentences. From these sentences,
a vocabulary has to be created based on the word frequency. This can be done by pre-processing techniques, where
the sentences are converted into words by eliminating punctuations. Later top 5000 most occurred words are
extracted and named as vocabulary. Machine learning models only accept vectors (arrays of numbers) as input. The
textual input which is nothing but strings has to be transformed into numbers (or the text must be "vectorized")
before being fed to the model. To do that word_index and index_word dictionaries are maintained as shown in Fig. 3
and Fig. 4, where each word is associated with a unique number and each number is associated with a unique word
[8]. These dictionaries are used to generate a sequence of numbers for sentences and vice versa, which are fed into
the network while training, testing, evaluating, and predicting.

4). Divide data into train and test sets: The purpose for dividing the data is straightforward: to prevent the model
from over fitting and to appropriately evaluate the model, it must be separated to train, validation, and test splits.
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{"<unk>": 1, {1: "<unk>",
‘a': 2, 2: "a",
"<start>"': 3, 3: "<start>",
‘<end>": 4, A: "<end>",
‘on": 5, 5: ‘on',
‘of": 6, 6: 'of"',
‘the": 7, 7: "the',
in': 8, 8: "in",
‘with': 9, 9: "with',
‘and®: 1@, 1@: ‘"and”,
*ist: 11, 11: "dis”’,
‘man”: 12, 12: "man’,
"to": 13, 13: "to’,
‘sitting': 14, 14: ‘sitting’.,
"two " : 15, 15: "two',
an': 16, 16: "an’,
‘standing': 17, 17: ‘"standing’,
"at': 18, 18: "at’',
‘people’: 19, 19: ’'people’,
fare’: 2@, 2@: "are',
"white"': 21, 21: ‘white’,
‘next': 22, 22: 'next’,
"woman': 23, 23: "woman',
"street': 24, 24: 'street’,
‘table"': 25, 25: 'table’,
"that': 26, 26: 'that",
"holding": 27, 27: '"holding"',
‘it : 28, 28: 'it',
"large": 29, 29: 'large',

Fig. 3 Snap-shot of Word_index dictionary Fig. 4 Snap_shot of Index_word dictionary.

C. Model Building
Attention-based CNN - RNN architecture is employed to create the framework. The recommended model's
architecture is depicted in Fig. 5.

Input: 299x298x3, Output:8x8x2048

56000066000

Convolution Input ot g
Input of shape 0 Ang;ocll 269x299x3 XX ) (8% 8 x 2048)
(299x299x 3) pomciig ‘

Encoder

Dropout
Fully connected
Softmax

1110

Generated Caption

(A man is throwing a
frisbee in a park)

Model

1
Decoder U J

Attention
Attention weights

Fig. 5 The model architecture.

1) Encoder: The model's encoder is a pre-trained convolutional neural network called Google InceptionV3, which
produces a representation of the input image. This model was placed second in ILSVRC 2015 [9] image classification
competition. The last layer was removed as it is used for classification. The characteristics are extracted from the
pre-processed images using the Inception V3 model. Fig. 6 shows the 42-layer structural design of the InceptioV3
model. Inception-v3 suggested a novel inception model that combines several different sized convolutional filters
into a single filter. As a result of this design, the number of parameters that must be taught is reduced, and the
computational complexity is reduced.

The encoder accepts images as input of shape 299x299x3 and gives the output of shape 8x8x2048. A fully connected
layer is used at the end to convert into a one-dimensional array of size 1001 which is used for classification. The
attention mechanism is implemented by focusing on certain parts of the image while generating sequences rather
than considering the full image. A fully connected layer representation does not capture the exact locations of the
image to achieve an attention mechanism as it is one-dimensional.
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Final part:8x8x2048 -> 1001

Input: 299x299x3, Output:8x8x2048

Convolution Input: Output:
AvgPool 299x299x3 8x8x2048
MaxPool

Concat

Dropout

Fully connected

Softmax 4

Fig. 6 Architecture of InceptionV3 model.

To achieve attention-mechanism, the last layer of architecture is removed and the hidden layer which has an output
shape of 8x8x2048 is considered as the output layer. This output shape will retain the location information of the
image and becomes easy to focus on certain regions while generating sequences [10]. Let us consider a CNN
network as shown in Fig. 7 where the input is an image and output is a one-dimensional vector of shape 1000. This
vector may not exactly capture the locations. For example, in Fig. 8 the output is from the convolution layer which
captures the locations of the original image.

(in

[nput

softmax

I O

maxpo Conv X s

maxpe Conwv
maxpool Conv

SOG 006

Fig. 7 A convolutional layer with 1-dimensional output.

I’ ...? .u .. 3
I IlI s g
maxpool Conv maxpool Conv
TN e Conv
INAX P Conv

[nput Conv

Fig. 8 A convolutional layer with 3-dimensional output capturing the locations of the image.

2) Attention-Mechanism: When creating descriptions for images, local attention likes to concentrate on particular
areas of a given image. The decoder would pay attention to specific parts of the image considering the hidden state
at time t, and construct a context vector utilizing the nuances of the image from CNN's convolution layer. Giving the
entire image as input to the RNN to produce sequences is not always possible, and it may result in inappropriate
captions. Instead of using the CNN's fully connected layer, one of the convolutional layers' output, which contains
spatial information about the image, is used as input to the attention model.

The encoder output is of shape 8x8x2048 is reshaped as 64x2048 and given as input. The semantic attention-
mechanism utilised will automatically reduce the weights of insignificant words to eliminate the influence of non-
relevant features terms. These attention weights are given as input to the language model which helps in generating
sequences. As a result, these weights direct the model to generate relevant phrases that focus on the image's objects.
Fig. 9 depicts how the attention mechanism contributes to the generation of captions from a given image. The model
has only analysed and highlighted significant aspects of the image to generate captions. Firstly, the section
containing the man would be taken into consideration. Then the section around it, that is the section containing
Snow Mountain. Thus, the caption generated here would be "A person riding skis on a mountain".
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Fig. 9 Working of attention mechanism.

Decoder: The decoder is a language model which converts the nuances extracted from an image to textual
descriptions. GRU is preferably employed because of its structure and it does not have the problem of vanishing
gradients. The attention layer produces a vector of one dimension which is fed to GRU. The GRU is made up of two
gates: an update gate and a reset gate [11]. The purpose of the update gate is to educate the model about "how much
of the previous information has to be kept, i.e., passed on to the future”. The goal of the reset gate is to figure out "how
much of the past data should be forgotten.” In each level, the weights are adjusted according to these gates. Fig. 10

depicts the architecture of the GRU, which is used to generate sequences based on experience.

hy

Xt

Fig. 10 Architecture of Gated Recurrent Unit (GRU).

IV. TESTING AND RESULTS
Tensor Flow 2.0 is used to create the model. Resize the supplied photos to 299 by 299 pixels. Later, the last
convolutional layer's 8 x 8 x 2048 activation maps are used as annotations. The loss plot is represented in Fig. 11.
The loss function is used to reduce the loss and tune the model weights accordingly.

Loss Plot

10 1

09

0.8 1

0.7

Loss

0.6

05

0.4 -

03 T T T T T T T T
0.0 25 5.0 75 10.0 12.5 15.0 17.5
Epochs

Fig. 11 Loss Plot.

A. Model Evaluation

The BLEU metric [7] is used to evaluate the model. The Bilingual Evaluation Understudy, or BLEU, is a metric for
comparing a translated text to one or perhaps more reference translations. It was designed for translation, but it
may also be used to compare the text generated by the model to a reference or real captions.
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The statistic is based on a scale of 0 to 1. Regardless of the word order, the comparison is made. Fig. 12 represents
the predicted caption and a BLEU score for the image.

Real Caption: <start> a brick building has an old fashioned clock tower

Prediction Caption: a tall clock that is outside in the time <end>

BLEU 1-gram : @.347826

BLEU 2-gram : @.589768

BLEU 3-gram : @.705748

BLEU 4d-gram : @.767963

Fig. 12 A picture and its result from the test set.

B. Results
Some results of the model are given below, the model captions the given image based on the items in the picture and
the interactions among them. Fig. 13 shows the results predicted by the model from the test set where it has the real
caption, predicted caption, BLEU score and attention plot of the given image. Which has the generated caption
appropriate to the content of the image.

Real Caption: <start> a baseball player is in front of a huge crowd <end>
Prediction Caption: a baseball player holding a baseball bat <end>

|
a " basebal " player

baseball <end>

200

400
400 600 0 200 400 600

Fig. 13 Result of a picture from the test set.

As the model is trained with only 10,000 images from the dataset it is obvious that the model may generate
inappropriate captions as shown in Fig. 14.
Real Caption: <start>» cars and trucks are backed up near a building <end>»

Prediction Caption: a big red luggage being luggage in front of a fire place in the day <end>
i BLEU 1-gram : 0.219178

§ BLEU 2-gram : 0.468165
i BLEU 3-gram : 0.605987
BLEU 4-gram : 0.684226

Mange being iuggage front

0
ace
- . = - - -
B R 550

Flg 14 Result of a plcture from the test set

<end>
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Let us see the generated captions by the model for pictures other than the train set and test set. Fig. 15 shows the
appropriate caption generated for the given image, Fig. 16 shows the predicted caption for the given image which is
quite inappropriate.

Prediction Caption: several pieces of pasta and vegetables

pieces 0
50

100

150

1] 100

several

0 0

50 50
100 100

150 150

vegetables <end>

100
150

0 100 200

0

Fig. 15 Appropriate caption for the given image.
Prediction Caption: a group of people are flying kites in the cloudy sky at sunset

are
0

sunset <end>

0 0
0 500 0 500

Fig. 16 Inappropriate caption for the given image.

V. CONCLUSION AND FUTURE WORK
A. Conclusion
An image captioning model which integrates attention is described to construct a natural sentence from a given
image. The characteristics of an image are extracted be employing a convolutional neural network, and is then given
to attention layer to generate a context-vector. Later, it is decoded by a recurrent neural network into
understandable sequences. The attention mechanism aids in the optimization of findings as well as the creation of
appropriate captions. The model is trained using a subset of the MS COCO dataset, and the number of training
samples must be increased to improve the model's performance. The model can also be trained on a variety of
datasets. The model is assessed using the BLEU metric, which considers translation length, the word choice, and
word order to assess how similar the machine translation is to the human reference translation. When compared to
previous research, the outcomes achieved are promising and competitive.
B. Future Work
For future work, implementing a more compact deep convolution network may help to enhance the efficiency of the
proposed model. The recommended model can generate only one caption but it can be increased with the help of the
beam search where the model generates more than one caption for an image. In the future, the proposed paradigm
could be updated to include video captioning. That is, the video's information will be summarized in sequences.
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