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Abstract- In Recent years, with the rapid development of artificial intelligence, image captionhas graduallyattracted the 

attention of many researchers in the field of artificial intelligence and has become an interesting and arduous task. Image 

caption, automatically generating natural language descriptions according to the content observed in an image, is an 

important part of scene understanding, whichcombines the knowledge of computer vision and natural language processing. 

the application of image caption is extensive and significant, for example the realization of human computer interaction. This 

paper summarizes the related methods and focuses on the attention mechanism which plays an important role in computer 

vision and is recently widely used in image caption generation tasks. Furthermore, the advantages and the shortcomings of 

these methods are discussed providing the commonly used datasets and evaluation criteria in this field. Finally, this paper 

highlights some open challenges in the image caption task for a computer to generate context describing the image given as 

input takes a lot of effort in terms of computation memory usage and processing minute details present in the image. All the 

great progress has been made in ML, artificial intelligence, deep learning image processing it is always a challenging task for a 

computer to generate a text describing an image accurately with semantically and grammatically correctsentence. 
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I. INTRODUCTION 
 
 Given an image to a human being, it can easily described 

without a second thought provided human beings have 

seen the objects in the image before and is able to relate 

between the objects. This is a special capability which we 

possess due to our memory, cognitive ability, sequential 

linking, and imagination. Same is the case with some 

animals like dogs. There are cases where police dogs have 

identified a person using their image. 

 

But for a computer to generate a text describing the image 

given as input takes a lot of effort in terms of computation, 

memory usage and processing minute details present in the 
image. Although great progress has been made in ML, 

artificial intelligence, deep learning, image processing, it 

is always a challenging task for a computer to generate a 

text describing an image accurately with semantically and 

grammatically correct sentence.  

 

Problems exist in detection of the objects present in the 

image, identifying the relationship between the objects, 

attributes associated with the objects. Another problem is 

to map between the objects and the words. The computer 

must realize the context of the image before using the 
indented word. Joining words is not the only issue, 

combining the words with suitable conjunctives and 

making a semantically and grammatically correct sentence 

is also important for the user to understand the description. 

The below mentioned techniques have now becomelegacy. 

 

II. TRANSFORMING OBJECTS INTO 

WORDS USING IMAGE CAPTIONING 

APPROACH 
 

Simao Herdade et al. [1] proposes an Image captioning 

model typically follow an encoder decoder architecture 

which uses abstract image feature vectors as input to the 

encoder. One of the most successful algorithms uses 

feature vectors extracted from the region proposals 

obtained from an object detector. In this work we 

introduce the Object Relation Transformer that builds 

upon this approach by explicitly incorporating information 

about the spatial relationship between input detected 
objects through geometric attention. Quantitative and 

qualitative results demonstrate the importance of such 

geometric attention for image captioning, leading to 

improvements on all common captioning metrics on the 

MS-COCO dataset. 

 

Armin Kappeler et al. [2] proposed an Image 

captioning—the task of providing a natural language 

description of the content within an image—lies at the 

intersection of computer vision and natural language 

processing. As both of these research areas are highly 
active and have experienced many recent advances, 

progress in image captioning has naturally followed suit. 
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On the computer vision side, improved convolutional 

neural network and object detection architectures have 
contributed to improved image captioning systems. On the 

natural language processing side, more sophisticated 

sequential models, such as attention-based recurrent neural 

networks, have similarly resulted in moreaccurate 

captiongeneration. 

 

Kofi Boakye et al. [3] proposes neural models for image 

captioning encoded visual information using a single 

feature vector representing the image as a whole, and 

hence did not utilize information about objects and their 

spatial relationships. Karpathy and Fei-Fei, as a notable 

exception to this global representation approach, extracted 
features from multiple image regions based on an R-CNN 

object detector and generated separate captions for the 

regions. As a separate caption was generated for each 

region, however, the spatial relationship between the 

detected objects was not modeled.  

 

This is also true of their follow-on dense captioning work, 

which presented an end-to-end approach for obtaining 

captions relating to different regions within an image and 

generated image descriptions by first detecting words 

associated with different regions within the image. The 
spatial association was made by applying a fully 

convolutional neural network to the image and generating 

spatial response maps for the target words. Here again, the 

authors did not explicitly model any relationships between 

the spatial regions. 

 

Joao Soares et al. [4] proposes a Object Relation 

Transformer against the Standard Transformer. For each 

of the considered metrics, we performed a two-tailed t- 

test with paired samples in order to determine whether the 

difference caused by adding the geometric attention was 

statistically significant. The metrics were first computed 
for each individual image in the test set for each of the two 

Transformer models, so that we are able to run the paired 

tests. In addition to the standard evaluation metrics, we 

also report metrics obtained from SPICE by splitting up 

the tuples of the scene graphs according to different 

semantic subcategories. For each subcategory, we are able 

to compute precision, recall, and F-scores. The measures 

we report are the F-scores computed by taking only the 

tuples in each subcategory.  

 

More specifically, we report SPICE scores for: Object, 
Relation, Attribute, Color, Count, and Size of 1. Note that 

for a given image, not all SPICE subcategory scores might 

be available. For example, if the reference captions for a 

given image have no mention of color, then the SPICE 

Color score is not defined and therefore we omit that 

image from that particular analysis. In spite of this, each 

subcategory analyzed had at least 1000 samples. For this 

experiment, we did not use self-critical training for either 

Transformer and they were both run with a beam size of 2. 

K. He, X. Zhang et al. [5] proposes a manually reviewed 

a set of generated captions. We used our best performing 
model—the Object Relation Transformer trained with self-

critical reinforcement learning—with a beam size of 5 to 

generate captions for 100 randomly sampled images from 

the MS-COCO’s test set. For each generated caption, we 

described the errors and then grouped them into distinct 

failure modes. An error was counted each time a term was 

wrong, extraneous, or missing. All errors were then tallied 

up, with each image being able to contribute with multiple 

errors. 

 

There were a total of 62 observed errors, which were 

grouped into 4 categories: 58% of the errors pertained to 
objects or things, 21% to relations, 16% to attributes, and 

5% to syntax. Note that while these failure modes are very 

similar to the semantic subcategories from SPICE, we 

were not explicitly aiming to adhere to those. In addition, 

one general pattern that stood out was the errors in 

identifying rare or unusual objects. Some examples of 

unusual objects that were not correctly identified include: 

parking meter, clothing mannequin, umbrella hat, tractor, 

and masking tape. This issue is also noticeable, even if to a 

lesser degree, in rare relations and attributes. Another 

interesting observation was that the generated captions 
tend to be less descriptive and less discursive than the 

ground truth captions. The above results and observations 

can be used to help prioritize future efforts in 

imagecaptioning. 

 

III. DETECTION AND RECOGNITION OF 

OBJECTS IN IMAGE CAPTION 

GENERATOR SYSTEM: A DEEP 

LEARNING APPROACH 
 

Komal Kumar Napa et al. [6] proposes the Image 

Caption Generator deals with generating captions for a 

given image. The semantic meaning in the images is 

captured and converted into a natural language. The 

capturing mechanism involves a tedious task that 
collaborates both image processing and computer vision. 

The mechanism must detect and establish relationships 

between objects, people, and animals. The aim of this 

paper is to detect, recognize and generate worthwhile 

captions for a given image using deep learning. Regional 

Object Detector (RODe) is used for the detection, 

recognition and generating captions. The proposed method 

focuses on deep learning to further improve upon the 

existing image caption generator system. Experiments are 

conducted on the Flickr 8k dataset using python language 

to demonstrate the proposedmethod. 

 
D.Vigneswari et al. [7] proposes a image with an ample 

amount of information about it by just a quick glance. 

Creating a computer system to simulate the abilities of 

human beings is a long time researcher goal in the fields of 

machine learning and artificial intelligence. There are 
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several research progress made in the past such as the 

detection of objects from a given image, attribute 
classification, image classification, and classification of 

actions by human beings. Making a computer system to 

detect the image and produce a description using natural 

language processing is an exigent task, which is called an 

image caption generator system. Generating a caption for 

an image involves various tasks such as understanding the 

higher levels of semantics and describing thesemantics in 

a sentence by which human can understand. In order to 

understand the higher levels of semantics, the computer 

system must learn the relationships between the objects in 

a given image.  

 
Usually, communication in human beings occurs with the 

help of natural language, so developing a system that 

produces descriptions that can be understandable by 

human beings is a challenging goal. There are several 

steps to generate captions, such as understanding visual 

representation of objects, establishing relationships among 

the objectsand generating captions both linguistically and 

semantically correct. 

  

A. Mohan et al [8] proposes methodology forgenerating 

captions with the detection and recognition of objects 
using deep learning. It consists of object detection, feature 

extraction, Convolution Neural Network (CNN) for 

feature extraction and for scene classification, Recurrent 

Neural Network (RNN) for human and objects attributes, 

RNN encoder and a fixed length RNN decoder system. a 

deep learning method for generating captions using neural 

networks. The dataset details have been described in this 

section. The experimental evaluation of the proposed 

methodology is done by Flickr 8k dataset obtained from, 

from 8000 images, just for simplicity, only three images 

were subjected to the proposed methodology and the 

results wereobtained. 
 

K. Laxman et al. [9] proposes a image is the input and is 

fed to the model. In the object detection phase,4 activities 

happen parallelly. CNN is used for extracting the features 

and classifying the scene whereas RNN is used for 

identifying the human and object attributes. A collective 

image vector is formed combining each of the results of 

the 4 activities and is fed to RNN encoder. Here, strings 

are labeled to the attributes and objects in the image. 

Finally, RNN encoder generates fixed length captions 

using the strings generated for the objects and attributes in 
the previous phase.  

 

In this phase activities happen parallelly. CNN is used for 

extracting the features and classifying the scene whereas 

RNN is used foridentifying the human and object 

attributes. A collective image vector is formed combining 

each of the results of the 4 activities and is fed to RNN. 

RNN encoder generates fixed length captions using the 

strings generated for the objects and attributes in the 

previous phase. 

J. Yuvaraj et al. [10] proposes a model of Transformer 

consists of the encoder as well as the decoder, both of 
them made up of different set of layers. For the captioning 

of the image, the model uses the vectors as inputs from the 

object detector and as an output it generates a set of words 

which we could also call as the image caption. The relative 

geometry of the object is taken care with different metrics. 

The above-described model doesn’t consider the 

geometric aspect in the decode layers at all, which if taken 

care of would increase the overall performance.  

 

The above-described model doesn’t take into account the 

geometric aspect in the decode layers at all, which if taken 

care of would increase the overall performance. Let’s say 
we have a group of features V of images, the model uses 

the top-down approach to weigh each of the vector during 

the generation of caption using the already available 

output that contains partial output. In the higher-level, it is 

composed of 2 LSTM’s and has its own standard 

implementation. 

 

IV. IMAGE CAPTIONING – A DEEP 

LEARNING APPROACH 

 

Lakshminarasimhan Srinivasan et al. [11] proposes a 

generating descriptive sentence automatically for images 

has garnered a rising interest in natural language 
processing and computer vision research. Image 

captioning is a fundamental task which requires semantic 

understanding of images and the ability of generating 

description sentences with proper and correct structure. In 

this study, the auto processing and computer vision 

research. Image captioning is a fundamental task which 

requires semantic understanding of images and the ability 

of generating description sentences with proper and 

correct structure. In this study, the authors propose a 

hybrid system employing the use of multilayer 

Convolutional Neural Network (CNN) to generate 

vocabulary describing the images and a Long Short- Term 
Memory (LSTM) to accurately structure meaning ful 

sentences using the generated keywords. 

  

The convolutional neural network compares the target 

image to a large dataset of training images, and then 

generates an accurate description using the trained 

captions. We showcase the efficiency of our proposed 

model using the Flickr8K and Flickr30K datasets and 

show that their model gives superior results compared 

with the state-of-the-art models utilizing the Bleu metric. 

The Bleu metric is an algorithm for evaluating the 
performance of a machine translation system by grading 

the quality of text translated from one natural language to 

another. The performance of the proposed model is 

evaluated using standard evaluation matrices, which 

outperform previous benchmark models. 

 

Dinesh Sreekanthan et al. [12] proposes a Caption 

generation is an interesting artificial intelligence problem 
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where a descriptive sentence is generated for a given 

image. It involves the dual techniques fromcomputer 
vision to understand the content of the image and a 

language model from the field of natural language 

processing to turn the understanding of the image into 

words in the rightorder. Image captioning has various 

applications such as recommendations in editing 

applications, usage in virtual assistants, for image 

indexing, for visually impaired persons, for social media, 

and several other natural language processing applications.  

 

Recently, deep learning methods have achieved state of 

the art results on examples of this problem. It has been 

demonstrated that deep learning models are able to 
achieve optimum results in the field of caption generation 

problems. Instead of requiring complex data preparation or 

a pipeline of specifically designed models, a single end-to-

end model can be defined to predict acaption. 

 

Amutha A.L et al. [13] proposes the image captioning 

problem and its proposed solutions have existed since the 

advent of the Internet and its widespread adoption as a 

medium to share images. Numerous algorithms and 

techniques have been put forward by researchers from 

different perspectives. The limitations of neural networks 
are determined mostly by the amount of memory available 

on the GPUs used to train the network as well as the 

duration of training time it is allowed. Our network takes 

around seven days to train on GTX 1050 4GB and GTX 

760 GPUs. According to our results, our results can be 

improved by utilizing faster and larger GPUs and more 

exhaustive datasets.  

 

Implemented a neural network using non-saturating 

neurons and a very efficient a unique method GPU 

implementation of the convolution function. By employing 

a regularization method called dropout, they succeeded in 
reducing overfitting. Introduced a new database which 

they called ImageNet, an extensive collection of images 

built using the core of the WordNet structure. ImageNet 

organized the different classes of images in a densely 

populated semantic hierarchy. This work described a 

Multimodal Recurrent Neural Network architecture that 

utilizes the inferred co-linear arrangement of features in 

order to learn how to generate novel descriptions of 

images. Their neural network consisted of max pooling 

layers and a final 1000-way softmax. 

 
Yang et al. [14] proposed a system for the automatic 

generation of a natural language description of an image, 

which will help immensely in furthering image 

understanding the proposed multi model neural network 

method, consisting of object detection and localization 

modules, is very similar to the human visual system which 

is able to learns how to describe the content of images 

automatically. In order to address the problem of LSTM 

units being complex and inherently sequential across time 

and experimented extensively with multiple network 

architectures on large datasets consisting of varying 

content styles, and proposed a unique model showing 
noteworthy improvement on captioning accuracy over the 

previously proposed models  presented a generative model 

consisting of a deep recurrent architecture that leverages 

machine translation and computer vision, used to generate 

natural descriptions of an image by ensuring highest 

probability of the generated sentence to accurately 

describe the target imageattention-based model that 

learned to describe the image regions automatically. The 

model was trained using standard backpropagation 

techniques by maximizing a variable lower bound. The 

model was able to automatically learn identify object 

boundaries while at the same time generate an accurate 
descriptivesentence. 

 

Vinyals et al. [15] proposes a generative model consisting 

of a deep recurrent architecture that leverages machine 

translation and computer vision, used to generate natural 

descriptions of an image by ensuring highest probability of 

the generated sentence to accurately describe the target 

image. During training phase we provide pair of input 

image and its appropriate captions to the image captioning 

model. The VGG model is trained to identify all possible 

objects in an image. While LSTM part of model is trained 
to predict every word in the sentence after it has seen 

image as well as all previous words.  

 

For each caption we add two additional symbols to denote 

the starting and ending of the sequence. Whenever stop 

word is encountered it stopsgenerating sentence and it 

marks end of string. Loss function for model is calculated 

as, where I represents input image and S represents 

thegenerated caption. N is length of generated sentence. Pt 

and St represent probability and predicted word at the time 

t respectively. During the process of training we have tried 

to minimize this lossfunction. 
  

 
Fig 1. Text Here Your Fig Title. 
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Step 1: Detection of the object and attributes: 

In this phase, 4 activities happen parallelly, CNN is used 
for extracting the features and classifying the scene 

whereas RNN is used for identifying the human and object 

attributes. 

 

Step 2: Formation of the feature vector: 

A collective image vector is formed combining each of the 

results of the 4 activities and is fed to RNN. 

 

Step 3: Labelling of strings to the objects and attributes. 

 

Step 4: RNN Encoder: 

RNN encoder generates fixed length captions using the 
strings generated for the objects and attributes in the 

previous phase. 

 

V. CONCLUSION 

 
The some of the enhancements that could be made are 

using a larger dataset, changing the model architecture, 

e.g. include an attention module, Doing more hyper 

parameter tuning (learning rate, batch size, number of 

layers, number of units, dropout rate, batch normalization 

etc.), Use the cross validation set to understand overfitting, 

Using Beam Search instead of Greedy Search during 

Inference, Using BLEU Score to evaluate and measure the 
performance of the model, Writing the code in a proper 

object-oriented way so that it becomes easier for others to 

replicate. 
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