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Abstract

Every day, millions of images are seen through all these mediums-social
media, news headlines, advertisements. People have an implicit sense of what
those images represent, but for machines, it is possible to generate meaningful
insights only through complex algorithms. Captioning images forms one
of the most basic applications of Al and pertains to textual descriptions
that can help in enabling functionalities like automatic indexing, CBIR,
and accessibility. Deep learning models demonstrated potential capabilities
to automatically learn features to generate semantically rich captions that
are coherent; however, template-based, and retrieval-based approaches find
it challenging to implement flexibly to produce ultra-high-detail, context-
specific captions. The techniques here, such as CNNs, extract visual features
while RNNs and LSTMs generate descriptive text. The higher-level archi-
tectures included are the encoder-decoder frameworks and compositional
models that provide further enhancement by aligning visual data and tex-
tual data. The paper briefly discusses deep learning techniques categorized
into structure and application-based categories and tests the performance of
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benchmark datasets such as Flickr8k, Flickr30k, and MSCOCO. However,
much remains to be done in terms of building models robust to complex
and diverse visual content; thus, it is observed that there are challenges that
carry forward to the work on multimodal integration and attention-based
mechanisms to be improved in terms of better quality and accuracy by the
captions.

Keywords: Image-captioning, Al, deep learning, CNN, RNN and LSTM.

1 Introduction

On a regular basis, people see and use thousands of images from various
sources, including online services like Google Images and Facebook, news
organizations, marketers, and more. Although these images are immediately
intelligible to humans without any additional context, machines require
mechanisms to interpret and describe them automatically. Captioning pho-
tographs is essential for computer-aided image indexing and aids Content-
Based Image Retrieval (CBIR), and it has commercial, defence, educational,
digital library, web search, and social media applications that produce con-
textual descriptions like location, clothing, and activity. As an element of
artificial intelligence, image captioning has become a focal point in gen-
erating textual descriptions of images, which include object identification,
scene recognition, and the generation of syntactically and semantically coher-
ent sentences. Features are learned to understand images using traditional
machine learning or deep learning methods. With traditional methods, hand-
crafted features such as Scale-Invariant Feature Transform (SIFT), Histogram
of Oriented Gradients (HOG), Local Binary Patterns (LBP), and classifiers
such as Support Vector Machines (SVMs) are used. These are less adaptive
for various datasets. Deep learning learns the features automatically from
the data and hence is extremely powerful when working with large sets of
images.

Convolutional Neural Networks (CNNs) employ deep features, Softmax
classifies, and Recurrent Neural Networks (RNNs) are used for caption
generation. Despite the tremendous growth in deep learning-based image
captioning, there is a significant deficit in comprehensive reviews compared
to other methods. This paper fills the gap by focusing on deep learning-based
image captioning, which has been propelled forward by vast and diverse
datasets.
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2 Image Captioning Methods

These describe three broad image captioning paradigms: template-based,
retrieval based, and novel caption generation. The template-based paradigm
fills pre-set templates with labelled objects, actions, and properties to create
the captions. While flexible, this method is not adaptable and has increas-
ingly been replaced by more parsing-based language models. Retrieval-based
image captioning selects captions from a pre-existing database primarily by
finding images with similar features and then retrieving their corresponding
captions. While this method can obtain captions, these captions often lack
significant semantic information since it primarily utilizes paraphrased text
rather than original descriptions. Advanced deep learning techniques employ
image caption generation models to consider visual content and create novel
captions. In this approach, uniqueness, semantic accuracy, and specificity are
more crucial than in retrieval methods. Deep learning paradigms, such as
supervised, unsupervised, and reinforcement learning, encapsulate various
learning activities in captioning. Some methodologies prefer an encoder-
decoder structure, while others adopt a more complex compositional method
that integrates attention mechanisms and semantic concepts with diverse
artistic elements. Though most deep learning algorithms used to caption
images rely on long short-term memory (LSTM) networks, a few models
utilize CNNs or RNNs. This method of deep learning makes it possible to
create captions for entire scenes or object information in any given image,
making it flexible and giving it many possibilities for descriptive content.

3 Deep Learning Captioning Techniques for Images

Deep learning-based image captioning is possible in a visual space, where
text captions and image features are processed separately, or in a multimodal
space, where images and text share a common representation to decode
language. In this, visual information obtained from images by CNNs is fed
to a language model such as a RNN, LSTM network, gated recurrent unit
(GRU), or Transformer to produce captions. This kind of methodology is
based exclusively on vision data to create understandable captions, the mod-
els being usually trained on large corpora consisting of images and captions.
It is applied mostly in image search, annotation of content, and accessibility.
Figure 1 categorizes deep learning image captioning methods into several
criteria that involve visual space, multimodal space, dense captioning, super-
vised learning, encoder-decoder structure, and compositional structure. It has
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Figure 1 Classification of deep learning-captioning techniques for images.

also an “Others” category that includes attention, semantic concept, stylized,
and novel object captioning techniques.

3.1 Multimodal Space Image Captioning

In contrast, multimodal space-based image captioning combines both visual
and textual information to create captions. It commonly consists of a setup
with a language encoder, a visual feature extractor (typically as a deep
convolutional neural network), a multimodal space into which image and text
information feed, and a language decoder. The language encoder produces
dense word embeddings that retain semantic context, while the multimodal
space aligns and integrates visual and text-based information so that captions
appear coherent and contextually appropriate. The image captioning tech-
nique that operates within the multimodal space can be understood using the
structure outlined in Figure 2.

This multimodal space-based representation is then passed on to the lan-
guage decoder to produce the captions, which in turn decode the multimodal
representation. Such a method usually goes through two steps: learning by the
deep neural networks for visual and textual features in a shared multimodal
space, thereby enabling joint image and text representation. Second, the cap-
tions are generated by the language decoder from the shared representation
derived from the multimodal space. Kiros et al. [1] presented one of the
first methods in this area, using convolutional neural networks (CNNs) to
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Figure 2  Architecture of multimodal space-based image captioning.

extract visual features. The authors used multimodal neural language models,
including the Modality-Biased Log-Bilinear Model and the Factored three-
way Log-Bilinear Model. These methods leverage high-level image features
and word embeddings, thereby not using additional templates or restrictions.
Though, neural language models are limited by very large-scale data and
long-term memory handling. Subsequently, Kiros et al. [1] utilized long
short-term memory (LSTM) networks for phrase encoding to develop the
idea of a structure-content neural language model (SC-NLM). Captioning
is adaptive, and this technique outperformed earlier techniques and demon-
strated great improvement over earlier techniques. In [2], Karpathy et al.
presented an alternative perspective with another deep multimodal model that
embeds image fragments and sentences for the bidirectional retrieval task.
The essence behind this decomposition of images into objects and sentences
into dependency trees allows for finer alignment between images and text
than previous methods. However, it has its limitations; the dependency trees
are quite complex and are often unsuitable for mapping visual objects,
especially regarding complex phrases and ambiguous relationships.

Mao et al. [3] presented the m-RNN (multimodal Recurrent Neural
Network) for captioning images, where deep convolutional and recurrent
networks are merged in the multimodal layer to generate captions through
the computation of the probability distribution of the subsequent word. Five
layers are used in the architecture: two layers of word embeddings, a recurrent
layer, a multimodal layer, and a SoftMax layer. Mao et al.’s m-RNN is better
than Kiros et al.’s Log-Bilinear model in using a recurrent architecture with
variable-length context and learning word representations from training data
to generate more accurate captions related to the images and enhancing
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the recurrent layer’s performance. Chen et al. [4] presented a multimodal
image captioning approach where, in addition to caption generation from
images, the model can also reverse-project visual features from captions.
This approach is significantly distinct from others since it employs a recurrent
visual hidden layer for backward projection [5].

3.2 Dense Image Captioning

Dense image captioning differs from traditional methods because it produces
a variety of captions to depict different parts of the image, whereas traditional
methods provide a single caption that sums up the entire scene. Traditional
systems combine various elements of the image to produce a caption; how-
ever, they sometimes fail to provide an explanation for each area. Johnson
et al. [6] introduced DenseCap as a dense image captioning method that
detects prominent areas of an image and produces meaningful descriptions
for each detected area. The major steps in dense captioning are: (1) Creating
region proposals from an image (2) Passing the features of these regions
through a convolutional neural network (3) Passing the features extracted into
a language model to generate captions for each region.

DenseCap uses fully convolutional network with dense localization layer
and LSTM model. Unlike certain approaches, e.g., Fast R-CNN, DenseCap
does not need an external Region Proposal Network (RPN). It makes a single
effective forward pass to estimate areas of interest and utilizes differential
spatial soft attention and bilinear interpolation rather than the ROI pooling
mechanism for smooth area selection and effective backpropagation. While
dense captioning explains regions much more objectively and in detail, it
is plagued by overlapping regions and ambiguity in detecting each visual
concept that falls within dense regions. Yang et al. [7] introduced one more
dense captioning approach that solves same problem. It uses an inference
mechanism that aggregates visual features and predicted captions to identify
accurate bounding boxes. Moreover, it incorporates a context fusion mech-
anism, wherein context features are aggregated with region-specific visual
features to generate high-level semantic descriptions. Figure 3 depicts the
architecture of the dense image captioning approach.

3.3 Encoder-decoder method for image captioning

Encoder-decoder approach to image captioning methods is like neural
machine translation, utilizing convolutional neural networks (CNNs) to
extract image features, which are passed to a long short-term memory
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(LSTM) network to form words in sequence. Vinyals et al. gave us the
Neural Image Captioning model, while the issue of the vanishing gradient
was treated by Jia et al., presenting the gLSTM with better support for long
sentences and adaptable control over the caption’s length. More structural
details may be observed from Figure 4.

Mao et al. [9] suggested an approach that produces accurate descriptions,
i.e., referring expressions for objects or image regions, from MS COCO
dataset references. Due to the superficial and one-way design of CNN-
RNN models lacking depth in context, some researchers developed this
model employing a more complicated method known as Bi-LSTM-based
architecture. This adjustment facilitates better visual and linguistic interaction
through the addition of context both before and after a CNN and an LSTM
network on either side.

3.4 Compositional Image Captioning Architecture

Compositional image-based methods have many functional components. In
such methods, the CNN architecture first learns semantic concepts from
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Figure 5 Compositional network-based captioning architecture.

the images. Second, with the help of a language model, candidate captions
are generated. The candidate captions are re-ranked using deep multimodal
similarity models to select the best final caption. Such a process usually has
the following workflow:

* Utilizing CNN for Image Feature Extraction.

* Identifying Visual Concepts from the extracted features, including
attributes and object recognition.

* Generating a Caption Pool by integrating extracted data with a language
model.

* Optimizing Captions through a multimodal deep similarity model to
select the most accurate and contextually relevant captions.

Fang et al. [10] presented the compositional network-based image cap-
tioning paradigm, as demonstrated in Figure 5. This consists of multimodal
similarity and visual detectors trained from an image captioning set with
a common vocabulary of top 1,000 most used terms in the training set
represented as nouns, adjectives, and verbs to describe the image captions.
Attention here is to sub-regions of an image rather than the entire image.

Related CNNs, e.g., AlexNet [5] and VGG16, learn sub-region features
corresponding to potential vocabulary words. A maximum entropy (ME)
language model produces captions and is trained with multiple instance learn-
ing (MIL) to learn discriminative visual cues. The captions are sorted using
linear weighting and minimum error rate training (MERT) optimization. A
deep multimodal similarity model (DMSM) calculates similarity between
fragments and sentences and facilitates shared vector representation and
comparison for the selection of improved captions.

Table 1 summarizes deep learning-based techniques for image captioning
in brief, using the names of methods and categories of adopted deep neural



Analysis of Image Captioning Approaches from a Deep Learning Perspective 371

Table 1 Below the list summary of deep learning imaging captioning approaches
(ms=multimodal space, dc=dense captioning, eda=encoder-decoder architecture,
ca=compositional architecture)

Image Encoder Language Model Category Reference
AlexNet LBL MS, EDA Kiros et al. 2014 [8]
AlexNet, VGGNet LSTM SC-NLM MS, EDA Kiros et al. 2014 [11]
VGGNet RNN EDA Chen et al. 2015 [12]
AlexNet, VGGNet MELM CA Fang et al. 2015 [13]
VGGNet LSTM EDA Jia et al. 2015 [14]
VGGNet RNN MS, EDA  Karpathy et al. 2015 [15]
GoogLeNet LSTM EDA Vinyals et al. 2015 [16]
VGGNet LSTM DC, EDA  Johnson et al. 2016 [17]
VGGNet LSTM EDA Mao et al. 2016 [18]
VGGNet LSTM CA Wang et al. 2016 [19]
VGGNet LSTM DC, EDA Yang et al. 2016 [20]
VGGNet LSTM CA Anne et al. 2016 [6]
GoogLeNet LSTM EDA Yao et al. 2017 [21]
ResNet LSTM EDA Lu et al. 2017 [22]
ResNet LSTM CA Gan et al. 2017 [23]
VGGNet RNN EDA Pedersoli et al. 2017 [24]
VGGNet Language CNN & LSTM EDA Gu et al. 2017 [25]
VGGNet LSTM CA Yao et al. 2017 [26]
ResNet LSTM EDA Rennie et al. 2017 [27]
VGGNet LSTM CA Vsub et al. 2017 [28]
Inception-V3 LSTM EDA Zhang et al. 2017 [29]
VGGNet Language CNN EDA Aneja et al. 2018 [5]
VGGNet Language CNN EDA Wang et al. 2018 [30]

networks in encoding image data as well as the respective language models
used for description.

4 Result Analysis

Although this paper does not include any sort of formal experimental
analysis, we still give a very brief analysis of the experiment results and
the effectiveness of various techniques as presented. Table 2 presents a
comparison of the performance of some image captioning techniques on
some various benchmark datasets. Each row represents a specific dataset,
indicating which image was used, along with the captioning technique and
method applied. The columns present BLEU-1 and BLEU-2 scores, as these
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Table 2 Comparative performance analysis of image captioning techniques across multiple
benchmark datasets

Captioning Techniques

Datasets on Images Methods BLEU1 BLEU2

FLICKRS8K  MULTIMODAL MAO ET AL. 2015 [31] 0.565 0.386
SPACE-BASED

FLICKR8K  ENCODER- JIA ET AL. 2015 [14] 0.647 0.459
DECODER
ARCHITECTURE

FLICKR30K MULTIMODAL MAO ET AL. 2015 [31] 0.600 0.410
SPACE-BASED

FLICKR30K ENCODER- JIA ET AL. 2015 [14] 0.646 0.466
DECODER
ARCHITECTURE

MSCOCO ENCODER- WU ET AL. 2018 [32] 0.740 0.560
DECODER
ARCHITECTURE

MSCOCO ENCODER- REN ET AL. 2017RL [33] 0.713 0.539
DECODER
ARCHITECTURE

MSCOCO ENCODER- LU ET AL. 2017 [22] 0.742 0.580
DECODER
ARCHITECTURE

are standard measures for evaluating the quality of captions in compari-
son to the reference captions. For example, in the “Flickr8k” dataset, both
“MULTIMODAL space-based” and “Encoder-Decoder Architecture” tech-
niques were employed. The former utilized the approach of Mao et al. from
2015, while the latter used the approach of Jia et al. from the same year.
For each technique, the corresponding BLEU-1 and BLEU-2 scores have
also been provided. Similarly, performance metrics for the “Flickr30k™ and
“MSCOCO” datasets are included, indicating that various techniques and
methods have been evaluated. In essence, the table provides a comparison
of different techniques in image captioning across various datasets, which in
turn helps assess their effectiveness in terms of BLEU scores.

5 Conclusion and Future Work

In this way, image captioning makes the visually impaired more accessible as
it offers textual descriptions of pictures on websites. The access of images
by content is facilitated by the text descriptions produced through image
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captioning. In this paper, we conducted a systematic review and categorized
the deep learning techniques that have spearheaded innovation in image
captioning since its inception over a decade ago. Although there has been
remarkable recent development in deep learning-based image captioning
methods, the strong need for a fully robust approach to generate high-quality
captions for almost all images is nonetheless an open problem. The constant
appearance of novel deep architectures implies that research in automatic
image captioning will be active for the foreseeable future.
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