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Abstract

Human beings experience life through a spectrum of modes such as vision, taste,

hearing, smell, and touch. These multiple modes are integrated for information

processing in our brain using a complex network of neuron connections. Like-

wise for artificial intelligence to mimic the human way of learning and evolve into

the next generation, it should elucidate multi-modal information fusion efficiently.

Modality is a channel that conveys information about an object or an event such

as image, text, video, and audio. A research problem is said to be multi-modal

or cross-modal when it incorporates information from more than a single modal-

ity. Multi-modal systems involve one mode of data to be inquired for any (same

or varying) modality outcome whereas cross-modal system strictly retrieves the

information from a dissimilar modality. As the input–output queries belong to

diverse modal families, their coherent comparison is still an open challenge with

their primitive forms and subjective definition of content similarity.

Lately, cross-modal retrieval has attained plenty of attention due to enormous

multi-modal data generation every day in the form of audio, video, image, and text.

One vital requirement of cross-modal retrieval is to reduce the heterogeneity gap

among miscellaneous modalities so that one modality’s results can be effectively

retrieved from the other. So, a novel unsupervised cross-modal retrieval framework

(association of image and text modalities) based on associative learning is proposed

in this thesis where two traditional SOMs are trained separately for images and

collateral text and then they are integrated together using the Hebbian learning

network to facilitate the cross-modal retrieval process. Experimental outcomes on

a popular Wikipedia dataset and the primary endoscopy data demonstrate that

the presented technique outshines various existing state-of-the-art techniques.
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Chapter 1

Introduction

In real life, data is often represented in miscellaneous forms or comprised of diverse

domains. Therefore, the data associated with the same underlying object, event,

or content may exist as different modalities and exhibit heterogeneous properties.

For instance, when one visits a new location then he records the memory by taking

pictures, recording videos, or posting a piece of microblog. Although all these data

forms represent the same event, they are considered separate modalities. When

we are unable to completely understand the content depicted in an image embed-

ded in the text, then picture captions or referral text often help. For example,

after looking at a volleyball image (Figure 1.1), one may not be able to exactly

recognize the ball or know about the volleyball game. However, the image can

be easily recognized with the help of some collateral text present in the form of

figure reference, caption, and related citation. This implies that information from

multiple sources or in diverse forms is always helpful for better understanding.

Figure 1.1: An example of a volleyball image and collateral text in the form of
the caption, figure reference, and related citation.

1.1 Information retrieval

In simple terms, information retrieval is the process of obtaining the required

results from a database through a system based upon the input query. It can

broadly be classified into three types: uni-modal, cross-modal, and multi-modal.

Uni-modal means information derived just from one channel, such as only from

images or only from the text (but not both). For example, only the text query is

used for information search and retrieval from a text repository. Cross-modal and
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multi-modal systems, on the other hand, are able to link more than one modali-

ties such as image, text, audio, and video. In cross-modal, input query mode and

resultant mode are dissimilar. For example, query text for matched images and

query image for related text. However, the resultant mode can be similar to the

query mode in a multi-modal system. For example, query text to retrieve related

images and matched text. Uni-modal, cross-modal and multi-modal systems are

explained using a simple example in Figure 1.2 where + represents both text and

images can be retrieved using an image query and vice versa in multi-modal ap-

proach. Multimodality provides a vital property known as complementarity, which

means each modality brings some kind of added value to the whole system that

cannot be obtained from other modalities present in the system [4]. This added

value is the diversity provided by each modality which contributes to the over-

all efficiency of the multi-modal system by enhancing interpretability, uniqueness,

and robustness.

Figure 1.2: An illustration of information retrieval in uni-modal, cross-modal, and
multi-modal system.

With the advent of the internet and multiple social media websites, a massive

amount of data in the form of diverse modalities such as images, videos, audio,

and text keeps increasing daily. With an increase in this type of heterogeneous

data, searching and extracting appropriate (and inter-modal) information becomes

necessary but difficult [5]. Classic uni-modal information retrieval techniques are

of the least use these days as they are unable to handle the enormous amount of

multi-media data. There is a requirement for creating novel systems capable of

handling the multi-modal data, indexing and organizing it in a way such that they

can be utilized for efficient information retrieval comprising various modalities.

The systems should also be capable of fusing information from different modalities
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and inferring valuable results. So, there is a need for a cross-modal or multi-modal

information fusion and retrieval system which can work effectively in the case of

cross-domains and specifically, retrieval of one modality using another modality.

Therefore, the fundamental idea of cross-modal is to integrate numerous modes of

information to derive better results than just one channel.

1.1.1 Image annotation and retrieval

In simple words, image annotation is a process of explaining an image with ap-

propriate linguistic cues. It can also be defined as retrieving the text or set of

keywords from a group/database of texts that best describes an image query. It

is useful in knowledge transfer sessions for application areas such as medical sci-

ence, military, business, education, and sports to name a few. For example, a CT

scan is known to the radiologist but not to an intern or a patient. Therefore, the

expert has to explain it using proper terminology by pointing out key areas on

the given image. Image retrieval is a process of retrieving an appropriate image

from the database as per the user query, for instance, with text keywords. With

the evolution of the semantic web and huge data repositories, a major challenge

comes into the picture which is effective indexation and retrieval of both still and

moving images and the identification of key areas inside the images. An image

cannot be expressed completely just by using visual features only as they under-

constrain the information contained in it. Visual features of an image include color

distribution, texture, shape, and edges. Typically, image retrieval systems make

use of images and the corresponding text/keywords for indexing and retrieving

images using both keywords and visual features of the image. Cross-modal image

retrieval aims to use text for retrieving relevant images related to the text.

1.2 Background

The inception of the terms cross-modal and multi-modal is in neurology and are

inspired from multi-sensory integration inside brain [6, 7]. Humans familiarize

themselves with the environment using different sensory modalities such as vision,

taste, and hearing where each modality provides a distinctive impression of the

surroundings [8]. Each sensory mode works separately to connect with the environ-

ment and acquire information. This information obtained through the modalities

is then integrated inside the brain for providing atmosphere-related awareness and

to reach an inference or take a suitable action [9]. For instance, if someone is un-

able to get the meaning of his interlocutor then he will subsequently start noticing

his body and facial expressions to accurately understand his message. Likewise,
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information in one modality is inadequate for proper understanding of an event

or an object. Thus, a concept of information fusion encompassing image and text

is studied in this research which is inspired by the working of the human brain.

Figure 1.3 illustrates the process of information fusion inside brain. Firstly, the

brain acquires information in different forms from the surroundings through var-

ious senses or sensory modalities such as sight, touch, hearing, taste, and smell.

Afterward, it associates (fuses) all the forms of data along with prior experiences

or knowledge to make a decision or perform a further action as per the input data.

Similarly, a multi-modal system fuses information from different modalities which

can be utilized for multiple applications such image/video captioning [10, 11],

cross-modal information retrieval [12], emotion and sentiment classification [13],

and visual question answering [14].

Figure 1.3: Simple illustration of information fusion inside brain

There are three types of multi-modal or cross-modal fusion techniques: early

fusion, late fusion, and intermediate fusion which are defined as follows [4, 15]:

1. Early fusion or Data-level fusion is a classic way of fusing or integrating

diverse modalities before carrying out the analysis. It applies to raw or

pre-processed data obtained from various modalities. Modalities should be

represented by feature vectors before fusion. It is difficult to synchronize

the heterogeneous data sources where one data source could be discrete and

the other continuous. Thus, the major challenge in this type of fusion is
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the conversion of diverse data sources into a single feature vector. Early

fusion process is represented in Figure 1.4. An ample amount of data will

be removed from the modalities to create a common ground before fusion,

which is a major drawback of this approach.

Figure 1.4: Multi-modal early fusion technique

2. In Late fusion or Decision-level fusion, data fusion happens at the last stage,

just before retrieving the output. Separate models are trained for individual

feature vectors. Output from the trained models is fused at a decision-

making stage as depicted in Figure 1.5. This technique became famous with

the popularity of the ensemble classifiers [16]. This approach is straightfor-

ward compared to early fusion, especially when the modalities are remark-

ably different in terms of data dimensionality and sampling rate.

Figure 1.5: Multi-modal late fusion technique

The errors from multiple models corresponding to different modalities are

handled independently, so this approach performs better than the early fu-

sion approach. However, there is no definite proof of this as per [17]. Still,

many researchers utilize the late fusion approach for analyzing their respec-

tive multi-modal data problems.
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3. Intermediate fusion allows data fusion at different phases or depths of model

training which makes this technique very flexible. It is built based on deep

neural networks, and their performance has also been enhanced. This fu-

sion changes the input data into a higher level of representation as it passes

through different layers. Each layer provides a new representation of the

input modalities by applying linear and nonlinear functions. In the context

of multi-modal deep learning, immediate fusion is the association of miscel-

laneous modalities’ representations into a single layer such that the model

learns the joint representation of the modalities. The data fusion of modal-

ities can be performed simultaneously or gradually with one or multiple

modalities at a time. Numerous modality feature vectors can be associated

in a single layer, however, it may cause model overfitting, or the network

may not be able to learn the proper relationships among the modalities.

Figure 1.6 depicts an instance of the intermediate fusion technique where

modalities’ features are combined in diverse network layers.

Figure 1.6: Multi-modal intermediate fusion technique

Most of the initial works which are inspired by cross-modal human behavior

are related to the integration of acoustic and visual modalities. In [18], authors

have associated the acoustic with visual speech signals for automatic speech recog-

nition. The experimentation has been performed on the visual speech signals of

a male using neural networks, and the initial set of results is limited to the static

images of vowels only. The results demonstrated that visual speech signals pro-

vide supplementary information in addition to only acoustic signals and help in

effective vowel recognition along with the presence of acoustic noise.

The article [19] focuses on representing and organizing the audio-visual infor-

mation for browsing and retrieval tasks. It has been presented that the audio-

visual sequence can be easily organized into semantically meaningful segments
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using cross-modal analysis of simple audio and visual information. These seg-

ments represent different scenes that are coherent from a semantic viewpoint.

The results in this article have demonstrated that audio classification plays a vital

role in forming connections among consecutive shots, which allows for obtaining a

scene-level description. When the non-consecutive shots correlate, a higher level

of abstraction can also be achieved, known as video idioms. A generic audio model

has been proposed that categorizes the audio signal into four element types: si-

lence, music, speech, and numerous other sounds. A system has been developed

in [20] to learn words from visual input accompanied by spoken input. The objec-

tive is to split the continuous speech automatically at word boundaries without

a lexicon and to create visual classes corresponding to the spoken words. Mu-

tual information combines the visual and acoustic distance metrics to extract an

audio-visual lexicon from raw input. The experimentation has been performed on

a corpus comprising infant-directed speech and images.

Numerous works proposed in the 80s and 90s are influenced by the McGurk

effect [21]. As per this effect, an illusion happens when an acoustic element of

one sound is combined with the visual element of another sound which leads

to the perception of a third sound. The McGurk effect can be experienced us-

ing a phoneme’s production video accompanied by a sound recording of another

phoneme being spoken. For instance, the syllables ba-ba spoken over the lip move-

ments of ga-ga creates a perception of da-da. The authors initially believed that

the reason for this effect was the common phonetic and visual characteristics of

”b” and ”g”. Two kinds of illusion has been observed regarding incompatible

audio-visual stimuli: fusions (auditory ba and visual ga creates da) and integra-

tions (auditory ga and visual ba creates bga). The brain is guessing at its best

regarding the incoming information. The information coming from the ears and

eyes is contradictory. Still, the eyes or the visual information have more impact

on the brain, and hence the fusion and integration responses have been generated.

After getting motivation from previous researches on cross-language informa-

tion retrieval (CLIR) and spoken document retrieval (SDR) Thijs Westerveld pre-

sented one of the earliest researches on cross-modal retrieval considering image and

text [22, 23]. In both of his works, he proposed the use of the Latent Semantic

Indexing (LSI) method for cross-modal image-text retrieval. This method builds a

common multi-modal semantic space to represent images and text simultaneously

which benefits the retrieval of related text using an image and vice-versa.
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1.2.1 Cross-modal retrieval architecture

Figure 1.7 demonstrates the general framework of a cross-modal retrieval system.

Four modalities such as text, image, video, and audio are shown in the figure

as an example. Typically, the raw data contains noise that affects the overall

building and accuracy of the system. So the data is pre-processed to remove

that noise and to make it appropriate for further processing on it. In the second

step each modality is represented separately using miscellaneous feature extrac-

tion algorithms such as BoW, SIFT, and CNN depending upon the multi-modal

data. As per the multi-modal representations, common representations for diverse

modalities are learned using correlation modeling. In the end, this common rep-

resentation enables the cross-modal retrieval process by appropriate ways of data

indexing, summarization, and ranking.

Figure 1.7: General framework of cross-modal retrieval process

Figure 1.8 shows the general topological architecture of cross-modal image

annotation and retrieval system. It defines the relative locations of each entity in

the rectangular boxes and process flow through directed arrows. Working of each

entity is briefed as follows:

1. Manual annotation: Manual annotation implies the labeling of unlabelled

images or providing an appropriate explanation for each image by an expert.

2. Repository : A repository refers to a central location for the storage and

management of data consisting of images and text. It is the common location

for fetching and saving data for all the entities present in the system. The

prepared and organized data after an annotation is put into the repository

for further analysis. The image and textual data are picked up by image
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Figure 1.8: General topological architecture of image-text cross-modal system

and text analysis modules separately for analysis and then the extracted

features are put back in the repository. The cross-modal learning module is

connected to the repository so that when a query is fed into the module, it

can retrieve the related result from the repository module.

3. Image analysis : This module consists of three sub-modules which are as

follows:

• Image pre-processing: It involves the cleaning of noisy images, improv-

ing the quality of blur images, and image resizing.

• Image segmentation: It is a process of segregation of an image into

several small segments such as a group of pixels which makes the image

representation easier to analyze.

• Feature extraction: It consists of withdrawing the useful features from

an image which uniquely identifies it.

4. Text analysis : This is further divided into three steps:

• Corpus creation: It includes text pre-processing, typically consisting

of noise and stop words removal. After pre-processing, the final word

corpus is created.

• Frequency analysis: It involves assigning a frequency to the words in

the corpus.

• Feature extraction: Like image feature extraction, text feature extrac-

tion identifies the vital features from the text which differs it from other

text. Few feature extraction methods include Bag-of-Words (BoW),

TF-IDF, and weirdness coefficient.
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5. Cross-modal learning : This is the most important module in the architecture

and is the final system which is used for image annotation and retrieval

purpose. When a text query is fed into it, it fetches the matched text and

related images from the repository and returns them to the user.

1.3 Motivation

Querying images using visual features is usually not viable when the images in-

volve technical information or deliberate reasoning, for example, medical image

diagnosis, forensic investigation, or space science images. There is often a seman-

tic gap between visual features and objects portrayed in it. Therefore collateral

text must be associated with the visual learning system for completeness of the in-

formation. Current cross-modal systems such as Google for text/image, YouTube

video recommender systems, Amazon shopping advice, are also not perfect for

their retrieval accuracy. It is often observed that with the increase in the number

of search keywords, the retrieved text results become spurious. In the case of im-

age retrieval using a textual query with extra keywords, the performance becomes

even worse. It often suffers from the repetition of previous results and irrelevant

information.

Figure 1.9: (a) Burning Notre Dame Cathedral (b) 9/11 attack at World Trade
Centre New York City. In both the images, texture features for the smoke are
identical and therefore additional linguistic information must be associated with
images to classify them in separate categories i.e. accidental destruction by fire
versus terrorist attacks with planes hijacked.

YouTube is a popular video-sharing platform and even it is not 100% accurate

in recommending videos and association of related multimedia. As an example, a

gigantic fire accident happened at the well-known Notre Dame Cathedral in Paris
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Figure 1.10: Google’s Photos app did a racist blunder

on 15thApril2019 reported by abcNEWS [24]. YouTube mistakenly related this

incident with the 9/11 terrorist attack at World Trade Center in New York City as

shown in Figure 1.9. Many videos of the Cathedral burning incident showed the

text about 9/11 from Encyclopedia Britannica. Later on, YouTube apologized for

this mistake. This mistake might have happened due to similarity in smoke texture

in both the images. Another real life example includes the labeling of images of

black people as gorillas by Google’s Photos app as shown in Figure 1.10. Google

apologized later for this racist blunder, reported by BBC News on 1st July 2015

[25]. As a solution to this accidental algorithmic racism issue, Google banned

words such as gorillas, chimpanzee, and monkey, reported by The Guardian on

12th January 2018 . Similarly, there are a number of real life examples like these.

Hence information representing the same entity in other forms such as linguistic

cues is required to compensate the missing information in a single modality. Thus,

a novel cross-modal retrieval system has been proposed in this research that is

inspired by the working of human brain and capable of retrieving information in

one modality using another modality.

1.4 Challenges

The major challenges observed in the process of cross-modal retrieval are repre-

sented in Figure 1.11 and defined as follows:
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1. Massive multimedia data sets : Sophisticated content retrieval has become

a challenge in ever-growing multimedia data volume over the internet [26].

Thus the model efficiency and accuracy suffer from the relevant feature ex-

traction, selective data retention by removing redundancy while taking care

of language syntax, and semantic interpretations. It is also challenging to

store and retrieve data in real-time cross-modal systems to serve a useful

purpose and claim the automatic semantic application.

2. Heterogeneity among modalities : The ever increasing size of multimedia data

on social media every day creates a bottleneck for efficient information re-

trieval [27]. Mobile devices and social websites such as Twitter, Facebook,

and Flickr are generating a variety of heterogeneous data which is seman-

tically different and cannot be compared directly in their initial form. It

is required to reduce the semantic gap among miscellaneous modalities so

that they can be compared/matched with each other to find similarities. Se-

mantic gap refers to the difference between low-level features and high-level

concepts. The nature of data distributions, noise/artifacts, and key features

involved in various modalities are subtle and prone to errors while orches-

trating them for mutual information retrieval. Therefore multimedia data

and massive size present a challenge.

3. Manual procedure is expensive: Most of the data that is found on the Internet

these days is either not annotated or inaccurate. It is quite difficult to

annotate the raw data (images for example) manually by an expert due to

its massive volume and diversity. Hence it is needed to leverage this manual

process for an automatic replacement which is comparatively accurate [28].

4. Need of efficient feature extraction: Choosing optimal feature extraction

method for underlying multi-modal data is still an open question [29], [30].

How effectively a modality has been represented through its feature vectors

eventually affects the overall model quality and reliability. There is a tradi-

tional trade-off between the time complexity and model validation accuracy

so the art is to find mutual equilibrium. With effective feature extraction

best practices, identifying similarities between modalities will be easier and

efficient.

5. Representation complication: In the case of multiple modalities, the basic

problem is about coherent representation and synchronization among various

modalities which are often not complementary and thus carry redundancy.

Thus, it is important to have precise spectrum representation with maximum

information gain and no redundancy. For example, in the case of image
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and text, images can be represented in spatial or spectral while the text is

symbolic and dependent upon grammar rules and cultural norms [31].

Figure 1.11: Challenges in cross-modal retrieval

1.5 Applications

Multi-modal information fusion and cross-modal retrieval has miscellaneous ap-

plication areas. However, below are the few recent applications considering only

image and text modalities and these are also depicted in Figure 1.12.

1. Image-recipe retrieval and generation: Food holds a vital place in humans’

life as it is associated with our health, culture, and feelings. In [32], authors

have introduced a huge recipe dataset incorporating over one million cook-

ing recipes and thirteen million related food images. A neural network has

been trained to learn the joint embedding of food images and corresponding

recipes that facilitates the task of image-recipe retrieval and also demon-

strates remarkable results. Authors have proposed an online recipe genera-

tion and evaluation system using the same recipe dataset in [33]. There are

two modes of text generation in this system: (a) generation of the ingredient

list from a recipe name and its cooking instructions; and (b) generation of

cooking steps from a recipe title and the list of ingredients.

2. Histopathological multi-modal retrieval : Cancer is a universal health issue

and one of the major reasons for deaths around the globe. The technological

advancement has enabled the composition of an enormous collection of digi-

tal histopathology slides along with clinical information and other metadata.
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Figure 1.12: Few multi-modal applications incorporating image and text modali-
ties

This collection of data can act as a valuable source for prognosis, diagnosis

of cancer, and theragnosis purposes. Authors in [34] have utilized this data

compilation and proposed a novel multi-modal retrieval approach that is

based on a supervised multi-modal kernel semantic embedding model. The

introduced system is capable of searching the relevant prostate cancer cases

in a multi-modal data collection including both histology slides (images) and

pathologist’s reports (text).

3. Semantic art understanding : Understanding an artistic demonstration com-

prises various intricate procedures such as detecting author influences or rec-

ognizing the components in the scene. A new multi-modal dataset dubbed

SemArt has been introduced in [35] that contains fine-art painting images

along with various features and a textual artistic comment. A cross-modal

system has been designed and trained for retrieving suitable painting images

by using an artistic textual query and vice versa. Two context-aware em-
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bedding techniques have been proposed in [36] for automatic art analyzing

which includes type categorization, author identification, and cross-modal

retrieval by utilizing the SemArt dataset.

4. Disaster and emergency management system: A large number of disaster

videos, images, and news are uploaded and searched on social media reg-

ularly. These multimedia can be utilized as sensors to extract important

information about the disasters. Images and text have been associated by

[37] to extract prominent phrases related to floods. A bag of words model

for text features and Speeded-up Robust Features (SURF) for image feature

extraction has been used. For the integration of image and text, analysis has

been done using a proposed novel method. Two flood event corpora were

used for experiments (a) US Federal Emergency Management Agency media

library, and (b) public Facebook groups and pages for the flood and the aid

(in German).

5. Text to image generation: Automatic image generation from natural lan-

guage explanation is a fundamental issue in various applications such as

computer-aided design and art generation. An Attentional Generative Ad-

versarial Network (AttnGAN) technique has been proposed for fine-grained

and attention-driven generation of an image from text [38]. AttnGAN can

produce fine details at different sub-sections of an image by attentively an-

alyzing the textual description to identify the significant words.

6. Biomedical image retrieval : Considering the growth of the healthcare in-

dustry, important text and images keep on hiding under the inessential data

which makes it hard to retrieve the relevant information. Biomedical articles

often contain annotation markers or tags such as letters, stars, symbols, or

arrows in their figures to spot the highlights. These markers are also corre-

lated with the image captions and text in the article. Identification of the

markers becomes important to extract the Region of Interest (ROI) from

images. A novel technique has been proposed in [39] with the combination

of rule-based and statistical image processing ways for localizing and anno-

tating the medical image regions or ROIs. Moreover, a cross-modal image

retrieval technique has been implemented based on ROI identification and

classification.
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1.6 Thesis contribution

The prominent contributions of this thesis can be broadly classified into below

three levels:

• At a philosophical/ psychological level we imitate the working of neurons

inside the brain. We are introducing new ways of intelligently indexing and

querying image collections by training neural computing systems with images

that have collateral texts. More precisely, given the two representations

of the same event or entity, this thesis focuses on introducing a way to

extract the missing information in one representation (modality) from the

complementary modality. Moreover, the cross-modal interaction between

both modalities enables the trained neural system to retrieve the information

different from the query modality, such as retrieving related texts using an

image query and vice versa.

• At a theoretical level this research focuses on integrating unsupervised neural

networks to generate multi-net systems with a goal of scrutinizing whether

the integration of independently trained neural networks can learn to effec-

tively categorize and extract information that is imparted in diverse modal-

ities compared to single-net or uni-modal system. For this implementation,

two self-organizing maps (SOM) are trained separately on image features

and collateral text features and then associated with the Hebbian network

to create the final cross-modal information retrieval system. We evaluate

the robustness of the proposed cross-modal approach against the uni-modal

system (comprising a traditional SOM) and the stat-of-the-art cross-modal

information retrieval techniques incorporating image and text modalities.

• At an application level the major contribution of the thesis is in the area of

automatic image annotation and text illustration. The proposed approach

learns the association between diverse modalities, so it has the capability

of effective classification and multi-modal information retrieval (comprising

retrieval results from the same or different modality than the query). The

significant contribution of this research is of unsupervised image-text cross-

modal system. In reality, getting labeled/annotated data is quite tricky, so

the proposed framework will work effectively in that case as it is unsupervised

and thus does not require any data labeling.
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1.7 Thesis organization

The thesis has been organized in various chapters as follows:

• Chapter 1: Introduction

This chapter provides background and an introduction to cross-modal and

multi-modal information retrieval and the motivation behind this research.

A general cross-modal information retrieval architecture along with topo-

logical architecture has been shown. It also presents the various challenges

faced by the researchers while implementing a cross-modal retrieval frame-

work and the applications in the field of image-text cross-modal retrieval.

Moreover, it also describes the thesis contribution at philosophical, theoreti-

cal, and application level. In the end, it presents the thesis organization.

• Chapter 2: Literature review

This chapter summarizes the work done by miscellaneous researchers in the

field of image-text cross-modal information retrieval. Moreover, it provides

a comparative analysis of the existing cross-modal techniques in a tabular

form. The popular benchmark datasets and the evaluation metrics for eval-

uating the cross-modal retrieval system have also been covered. Moreover,

the chapter discusses the research gaps identified after reviewing the cross-

modal and multi-modal literature. In the end, the objectives of the proposed

study are presented.

• Chapter 3: Hybrid self-organizing map approach

This chapter presents the implementation of the proposed cross-modal re-

trieval framework: hybrid SOM exploiting Hebbian learning (HSOM HEBB).

Firstly, the raw image and text data are pre-processed separately, and ap-

propriate feature extractors are utilized for extracting features from each

modality. Secondly, two individual self-organizing maps (SOMs) are trained

with these extracted features. Ultimately, these two trained SOMs are inte-

grated using an associative Hebbian network.

• Chapter 4: Image clustering using WT, ZM, and SOM

This chapter comprises a detailed explanation of the endoscopy image data

analysis and the clustering procedure. Wavelet Transform (WT) has been

utilized for image noise removal before feature extraction. Then the image

features are extracted using the Zernike moments (ZM), and the clustering

of the in-vivo gastrointestinal images is performed using a self-organizing

map (SOM).
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• Chapter 5: Cross-modal retrieval using Oja rule

This chapter proposes the HSOM OJA method which is an extension of the

technique explained in chapter 3 with application in endoscopy data. Here,

deep visual features are extracted using a pre-trained VGG16 convolution

neural network, and TFIDF is used for text feature extraction. Two separate

SOMs are trained using these features and then integrated using improved

Hebb links (Hebb rule) or Oja links (Oja rule).

• Chapter 6: Experimental analysis

This chapter includes the two case studies’ experiments, evaluation, and re-

sults. The first case study is the application of the proposed HSOM approach

exploiting Hebbian learning (HSOM HEBB) on the popular Wikipedia

dataset and comparison with state-of-the-art methods. It also incorporates

the comparison of traditional SOM with hybrid SOM based on information

retrieval. The second case study includes the application of the proposed

HSOM approach exploiting the Oja rule (HSOM OJA) on the gastrointesti-

nal images and the collateral text for cross-modal information retrieval. The

chapter compares the proposed HSOM HEBB and HSOM OJA tech-

niques on the endoscopy dataset.

• Chapter 7: Conclusion and future scope

This chapter finally concludes the thesis work by highlighting the significant

contributions made toward the proposed research domain. Moreover, the

chapter also provides the limitations of the proposed research and the future

directions of the work carried out in the thesis.
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Chapter 2

Literature Review

Cross-modal representation and retrieval techniques can be predominantly catego-

rized into two classes: (a) Real-valued representation and (b) Binary representa-

tion. In real-valued representation learning, the learned common representations

of diverse modalities are real-valued. However, in binary representation learning,

diverse modalities are mapped into a common hamming space. Cross-modal sim-

ilarity searching is faster in binary representation, so the retrieval process also

becomes faster. However, the retrieval accuracy becomes less in binary represen-

tation as the information is lost because representation is encoded to binary codes.

Prominent cross-modal learning methods and related works are presented in the

following sub-sections. Figure(2.1) presents a taxonomy of cross-modal retrieval

methods.

Figure 2.1: Taxonomy of cross-modal retrieval methods

2.1 Real-valued representation learning

This section presents the information regarding various real-valued representation

learning methods and their application on diverse datasets.

2.1.1 Subspace learning

Subspace learning plays a vital role in cross-modal information retrieval. Diverse

modalities have different representation features as well as they are located in

diverse feature spaces [1]. The modalities can be mapped to common isomorphic
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Figure 2.2: General representation of subspace learning process

subspaces from old miscellaneous spaces by learning potential common subspaces

(as shown in figure 2.2).

CCA and its variants, CM, SM and SCM

CCA is one of the oldest and the most popular unsupervised technique of subspace

learning which was introduced by Hotelling [40] in 1936. The principal logic behind

this technique is to find the pair of projections for diverse modalities such that

the correlation between them is maximized [41]. CCA can be recognized as an

issue of identifying the basis vectors for two group of variables aiming to mutually

maximize the correlation between variables’ projections onto the basis vectors

[42]. Let 〈·, ·〉 represents the euclidean inner product of vectors p, q which is equal

to p′q, where A′ is the transpose of a vector or matrix A. Let (p, q) denotes a

multivariate random vector and its sample instances as S = ((p1, q1), ..., (pn, qn)).

Sp represents (p1, ..., pn) and Sq = (q1, ..., qn), consider defining a new coordinate

for p by choosing a direction dp and projecting p onto the direction: p → 〈dp, p〉,
similarly for q, the direction is dq. A sample of new coordinate is obtained: Sp,dp =

(〈dp, p1〉, ..., 〈dp, pn〉) and similarly Sq,dq = (〈dq, q1〉, ..., 〈dq, qn〉). First step is to

choose dp and dq for maximizing the correlation between vectors, such that:

ρ = max
dp,dq

Corr(Spdp, Sqdq) = max
dp,dq

〈Spdp, Sqdq〉
‖Spdp‖ ‖Sqdq‖

(2.1)

where ρ represents the equation to be maximized. Let E denotes the empirical
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expectation of function f(p, q) and given by

E =
1

m

m∑
i=1

f(pi, qi) (2.2)

then ρ can be redefined as

ρ = max
dp,dq

E[〈dp, p〉〈dq, q〉]√
E[〈dp, p〉2]E[〈dq, q〉2]

(2.3)

= max
dp,dq

E[d′ppq
′dq]√

E[d′ppp
′dp]E[d′qqq

′dq]
(2.4)

= max
dp,dq

d′pE[pq′]dq√
d′pE[pp′]dpd′qE[qq′]dq

(2.5)

Covariance matrix of (p, q) is defined as:

Cov(p, q) = E

[(
p
q

)(
p
q

)′] =

Cpp Cpq

Cqp Cqq

 = C (2.6)

Total covariance matrix C is a block matrix where Cpq = C ′qp are between-sets

covariance matrices and Cpp, Cqq are within-sets covariance matrices, although

Eq. 2.6 represents the covariance matrix in zero-mean case only. Now ρ can be

redefined as:

ρ = max
dp,dq

d′pCpqdq√
d′pCppdpd

′
qCqqdq

(2.7)

The maximum of ρ w.r.t. dp and dq is the maximum canonical correlation.

Rasiwasia et al. have proposed the use of CCA, Semantic Matching (SM), and

Semantic Correlation Matching (SCM) in cross-modal document retrieval task

[43]. Two hypotheses have been investigated in this: (a) Benefit to explicitly

modelling the correlation between two elements, and (b) This modelling is more

useful in feature spaces having higher levels of abstraction. Images are represented

by Scale Invariant Feature Transformation (SIFT) features and text using Latent

Dirichlet Allocation (LDA). The motive is to retrieve images that closely match

the text query and to retrieve text which closely matches the image query. A new

Wikipedia dataset has been composed for the experimentation. The cross-modal

framework proved to outperform the state-of-art cross-modal retrieval methods

and even the novel image retrieval systems on the uni-modal retrieval tasks. A

mathematical formulation is introduced in [44] which associates cross-modal re-
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trieval systems’ design with isomorphic feature spaces for diverse modalities. Two

hypotheses are inspected related to the principal characteristics of these feature

spaces: (1) low-level cross-modal correlations should be accounted for, and (2)

space should allow semantic abstraction. So, three novel solutions to cross-modal

retrieval problem are then obtained from these hypotheses are CM, SM and SCM.

CM is an unsupervised approach that models cross-modal correlations, SM is a

supervised method that relies on semantic representation and SCM is the combi-

nation of both of them.

Verma et al. presented a cross-modal retrieval framework which outputs a

ranked list of semantically relevant text from a separate text corpus (having no

related images) when queried using an image and vice versa [45]. For these two

tasks, a novel Structural SVM based unified formulation has been proposed. Two

representations considered for both image and text modality are: (a) uni-modal

probability distributions over topics learned using LDA, and (b) explicit learning

multi-modal correlations using CCA. The work done in [46] is an extension of

[45]. A new loss function based on normalized correlation is introduced in this

which is found to be better than the previous two loss functions. Along with this,

the proposed method is compared with other baseline methods, extensive analysis

of training, and run-time efficiency. Comparison based on two new evaluation

metrics and recent image and text features is also incorporated in the new work.

Katsurai et al. has proposed a cross-modal technique for extracting semantic

relationship between classes using annotated images [47]. Firstly, both visual

features and text are projected onto a latent space using CCA, and then the

probabilistic interpretation of CCA is utilized for calculating the representative

distribution of the latent variable for each class. Two measures are obtained

based on the representative distributions: (1) semantic relation between classes,

and (2) abstraction level of each class.

Classic CCA method has few drawbacks [41]: (1) It is able to compute only

the linear correlation between two sets of variables, however, the relationship may

be non-linear in most of the real-world implementations; (2) It is able to operate

only on two modalities; (3) If it is applied on a supervised problem then it wastes

the information available in the form of labels because it is an unsupervised tech-

nique, and (4) Intra-modal semantic consistency is an important factor to improve

retrieval accuracy but CCA fails to capture this [48]. To handle the drawbacks of

classic CCA, several variants of this method are introduced such as Generalized

CCA (GCCA), Kernal CCA (KCCA), Locality Preserving CCA (LPCCA), and

Deep CCA (DCCA) to name a few. CCA extension techniques seek to construct

a correlation that maximizes non-linear projection. Xiong et al. have introduced

a new dataset containing images, text (paragraph), and hyperlinks [49]. This
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dataset is named as WIKI-CMR and it is composed of Wikipedia articles. It

consists of total of 74961 documents including images, textual paragraphs, and

hyperlinks. Documents are classified into 11 diverse semantic classes. CCA and

KCCA cross-modal retrieval techniques have been applied to the dataset.

An Improved CCA (ICCA) technique has been proposed in [48] to control the

limitations of traditional 2-view CCA. For improvement in intra-modal semantic

consistency, two effective semantic features are proposed which are based on text

features. Traditional 2-view CCA has been expanded to 4-view CCA and it is

embedded into an escalating framework to reduce the over-fitting. The frame-

work combines training of linear projection and non-linear hidden layers to make

sure that fine representations of input raw data are learned at the output of the

network. A similarity metric is also presented for improving distance measure

which is inspired by large scale similarity learning. Ranjan et al. have introduced

an extension of the CCA approach, named multi-label CCA (ml-CCA) [50]. It

learns the shared subspaces by taking care of high-level semantic information in

the formation of multi-label annotations. This approach utilizes the multi-label

information for generating correspondences instead of relying on explicit pairing

among different modalities like CCA. A fast ml-CCA technique is also presented

in this which has the capability of handling huge datasets.

An unsupervised learning framework based on KCCA is proposed which iden-

tifies the relation between image annotation by humans and the corresponding

importance of things and their layout in the scene [51]. This uncovered relation

is utilized in increasing the accuracy of search results as per queries. A novel

approach for image retrieval and auto-tagging has been introduced in [52] which

utilizes the object importance information provided by keyword tag list. It is

an unsupervised approach based on KCCA which finds the relationship between

image tagging by humans and the corresponding importance of objects and their

outline in the scene. As the KCCA technique is non-parametric, so it scales poorly

with the training set size and has trouble with huge real-world datasets [31]. To

handle KCCA drawbacks and to provide an alternative, Deep CCA (DCCA) has

been proposed. It tackles the scalability issue and leads to better correlated rep-

resentation space.

Graph regularization based methods

Cross-modal retrieval typically includes two fundamental issues: (a) Relevance

estimation; and (b) Coupled feature selection. Wang et al. are dealing with both

the issues [53]. To deal with the first issue, multi-modal data is mapped to a com-

mon subspace to measure the similarity among modalities. Projection matrices
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are learned for this mapping and l21-norm penalties are imposed on them sepa-

rately to deal with the second issue, which selects appropriate and discriminative

features from diverse feature spaces at the same time. Further, a multi-modal

graph regularization term is applied to the projected data to preserve intra and

inter modality similarity relationships. An iterative algorithm is introduced for

solving the joint learning issue along with its convergence analysis. The exces-

sive experimentation on three popular datasets proved the proposed technique to

outperform the state-of-art techniques.

An optimal solution for cross-modal retrieval is provided by [54] which com-

bines the label prediction and optimization of projection matrices into an inte-

grated framework. The method dubbed semantic consistency cross-modal retrieval

with semi-supervised graph regularization (SCCMR) makes use of the semantic

information present in un-annotated data. It utilizes graph embedding for consid-

ering the nearest neighbors in a potential subspace of text and images and text

and images having the same semantics.

A combination subspace graph learning (CSGL) supervised cross-modal re-

trieval approach is proposed in [55]. An objective function is incorporated with

graph regularization for original data structure-preserving in projective space. A

collaborative learning strategy is utilized for eluding suboptimal solutions while

optimization. CSGL technique makes use of semantic information and the orig-

inal modality distribution. A supervised graph regularization based cross-media

retrieval (SGRCR) approach is proposed in [56] that includes learning of two

couples of projections as per separate retrieval exercises. Heterogeneous and iso-

morphic adjacent graphs are built for preserving cross-media data correlations. A

class center discriminant analysis for cross-modal retrieval (CCDCR) method has

been introduced in [57] which is based on graph regularization. For enhancing the

discriminant capability of the method, an inter-modality distance of class center

samples is minimized and intra-modality distance is maximized.

To overcome the semantic and heterogeneity gap between modalities, the po-

tential correlation of diverse modalities need to be considered. Also, the semantic

information of class labels required to be utilized for reducing the semantic gap

among different modalities as well as realizing the inter-dependence and interop-

erability of divergent modalities. So, Wang et al. have proposed a cross-modal

retrieval framework which is based on graph regularization and modality depen-

dence, fully utilizing the correlation between modalities [1]. After considering the

semantic and feature correlation, projection matrices are learned separately for

Image-to-Text and Text-to-Image retrievals. Then the internal arrangement of

original feature space is utilized to construct an adjoining graph having semantic

information constraints which enables the diverse labels of miscellaneous modality
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data to get closer to respective semantic information. The whole process can be

visualized in Figure 2.3. The objective function for I2T and T2I tasks are defined

in Equations 2.8 and 2.9 respectively.

F (U1, V1) = λ
∥∥UT

1 X − V T
1 Y
∥∥2

F
+ (1− λ)

∥∥UT
1 X − S

∥∥2

F
+

αtr(U1X
TL1XU

T
1 − STL1S)+

β1‖U1‖2
F + β2‖V1‖2

F

(2.8)

F (U2, V2) = λ
∥∥UT

2 X − V T
2 Y
∥∥2

F
+ (1− λ)

∥∥V T
2 Y − S

∥∥2

F
+

αtr(V2Y
TL2Y V

T
2 − STL2S)+

β1‖U2‖2
F + β2‖V2‖2

F

(2.9)

where U1, U2 and V1, V2 represent the image and text projection matrices in I2T

and T2I respectively. S is the semantic matrix of image and text, X and Y

represents the feature matrices of image and text respectively, λ, α, β1 and β2

are balance parameters. A semantic consistency cross-modal retrieval with semi-

supervised graph regularization (SCCMR) method is introduced in [54] which en-

sures a globally optimal solution by merging prediction of labels and optimization

of projection matrices to a unified architecture. Simultaneously, the method also

considers nearest neighbors in potential image-text subspace and image-text with

the same semantics using graph embedding. discriminative features are captured

from different modalities by applying l21-norm constraint to projection matrices.

Figure 2.3: Process of cross-modal retrieval framework followed in [1]

Inspired by the fact that unlabelled data can be composed easily and aid to

exploit the correlation between modalities, Zhang et al. have proposed a novel

framework generalized semi-supervised structured subspace learning (GSS-SL) for

cross-modal retrieval [58]. A label graph constraint is proposed for predicting ap-

propriate concept labels for un-annotated data. For modeling correlation between

modalities, GSS-SL utilizes the label space as a linkage after consideration of the
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fact that concept labels directly unveils the semantic information of multi-modal

data. Specifically, a joint minimization formulation is created from the combina-

tion of the label-linked loss function, label graph constraint, and regularization

for learning discriminative common subspace. Multiple linear transformations are

alternatively optimized by an effective optimization method for diverse modali-

ties and updating of the class indicator matrices for un-annotated data is also

performed.

Other subspace learning methods

A modality-dependent cross-media retrieval (MDCR) model has been proposed

in [59] in which two couple of projections are learned for diverse cross-media re-

trieval tasks rather than one couple of projections. Two couple of mappings are

learned to project text and images from original feature space into separate com-

mon latent subspaces by simultaneously optimizing the correlation between text

and images and linear regression from one modal space to semantic space. A

novel discriminative dictionary learning (DDL) approach amplified with common

label alignment has been introduced in [60] for effective cross-modal retrieval.

It increases the discriminative ability of intra-modality information from diverse

concepts and relevance of inter-modality information in the same class.

To handle the huge multi-modal web data, Wang et al. have proposed a cluster-

sensitive cross-modal correlation learning framework [61]. A novel correlation sub-

space learning technique which learns a group of a cluster sensitive sub-models is

presented to better fit the content divergence of various modalities. A Multi-

ordered Discriminative Structured Subspace Learning (MDSSL) approach is pro-

posed in [62]. This metric learning framework learns a discriminative structured

subspace where data distribution is reserved for ensuring a required metric.

An adversarial cross-modal retrieval method has been proposed in [63] which

attempts to make an effective common subspace based on adversarial learning. To

handle the problem of multi-view embedding from diverse visual hints and modal-

ities, a unified solution is proposed for subspace learning techniques which makes

use of Rayleigh quotient [64]. It is extendable for supervised learning, multiple

views, and non-linear embedding. A multi-view modular discriminant analysis

(MvMDA) approach is introduced for considering the view difference. After get-

ting motivation from the fact that un-annotated data can be easily compiled and

helps to utilize the correlations among diverse modalities, a novel generalized semi-

supervised structured subspace learning (GSS-SL) approach is proposed in [58] for

the task of cross-modal retrieval. For aligning diverse modality data by moving

one source modality to another target modality, a cross-modal retrieval approach
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with augmented adversarial training is proposed in [65]. An augmented version of

the conditional generative adversarial network is utilized for reserving the seman-

tic meaning in the modality transfer process. An adversarial cross-modal retrieval

based on dictionary learning (DLA-CMR) framework is introduced in [66]. Adver-

sarial learning extracts the arithmetic features of every modality and dictionary

learning aids as feature re-constructor for reconstructing discerning features.

2.1.2 Statistical and probabilistic methods

Statistical methods include the Markov model (MM), Hidden Markov Model

(HMM), Markov Random Field, and so forth. Probabilistic methods incorporate

the use of probability and various probabilistic models. They are typically utilized

to find out the probability of generating a particular modality result based on a

given query modality. Scientific biomedical articles contain multi-modal informa-

tion such as images and text. Considering the growth of the healthcare industry,

important text and images keep on hiding under the inessential data which makes

it hard to retrieve the relevant information. Biomedical articles often contain an-

notation markers or tags such as letters, stars, symbols, or arrows in figures which

highlight the crucial area in the figure. These markers are also correlated with

the image captions and text in the article. Identification of the markers becomes

important to extract the ROIs from images.

A novel technique has been proposed in [39] with the combination of rule-based

and statistical image processing ways for localizing and annotating the medical im-

age regions or ROIs. Moreover, a cross-modal image retrieval technique has been

implemented on articles and it is based upon ROI identification and classifica-

tion. Automatic image annotation and retrieval framework based on probabilistic

models have been proposed in [67] with an assumption that image regions can

be explained using blobs (a kind of vocabulary). Blob is an acronym for Binary

Large Object and it is a collection of binary data that is stored as a single unit in

a database. Blobs are created from image features using clustering. To automati-

cally annotate or retrieve images using a word as a query, the trained probabilistic

model predicts the probability of producing a word with the help of image blobs.

After experimentation, the proposed probabilistic model based on the cross-media

relevance model is proved to be almost six times better than a model based on the

word-blob co-occurrence model and two times better than a model derived from

machine translation in terms of mean precision.

An improvement of cross-media relevance model [67] is presented in [68] to

automatically assign related keywords to un-annotated images based on images’

train data. Images present in the training dataset are fragmented into parts and
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then these parts are represented using a blob. K-means algorithm is used for

blobs’ creation for clustering those image parts. Using this model, the probability

for assigning a keyword into a blob is predicted and after annotation success, one

image part is represented by a keyword. TF-IDF method is used for text document

feature extraction and appropriate text documents are retrieved using images’

automatic annotation information. Experimentation is performed on IAPR TC-

12 and 500 Wikipedia web-pages (landscape related) dataset to show the usefulness

of the proposed technique.

2.1.3 Rank based methods

These methods see the issue of cross-modal retrieval as a problem of learning to

rank. Ranking of images and tags is suitable for efficient tag recommendation

or image search. Li et al. proposed a new Multi-correlation Learning to Rank

(MLRank) approach for image annotation which ranks the tags for images as per

their relevance after considering semantic importance and visual similarity [69].

Two cases are defined: (a) image-bias consistency; and (b) tag-bias consistency

that is developed into an optimization problem for rank learning.

Xu et al. optimized a ranking model as a listwise ranking problem considering

cross-modal retrieval process and a learning to rank with relational graph and

pointwise constraint (LR2GP) technique has been proposed [70]. Firstly, a dis-

criminative ranking model is introduced that utilizes the relationship between a

single modality for improvement in ranking performance and learning of an optimal

embedding shared subspace. A pointwise constraint is proposed in low-dimension

embedding space to make up for the real loss in the training phase. In the end, a

dynamic interpolation algorithm is selected for dealing with the problem of fusion

of loss function. A Cross-Modal Online Low-Rank Similarity function learning

(CMOLRS) technique is proposed in [71] that learns a low-rank bilinear similarity

measurement for the task of cross-modal retrieval. A fast-CMOLRS technique is

also introduced which has less processing time than the former technique.

2.1.4 Topic models

Topic models are a kind of statistical model that finds the abstract topics which

arise in a set of documents. A cross-modal topic correlation model has been

introduced in [72] which jointly models the text and image modalities. A statis-

tical correlation model is examined which is conditioned on category information.

Wang et al. proposed a novel supervised multi-modal mutual topic reinforcement

modeling (M3R) technique that makes a joint cross-modal probabilistic graphical
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model for finding the mutually consistent semantic topics using required interac-

tion between model factors [73].

A topic correlation model (TCM) is presented in [74] by mutual modeling of

images and text modalities for cross-modal retrieval task. Images are represented

by the bag-of-features model based on SIFT and text is represented by topic

distribution learned from the latent topic model. These features are mapped

into a common semantic space and statistical correlations are analyzed. These

correlations are utilized for finding out the conditional probability of results in

one modality while querying in another modality.

2.1.5 Machine Learning and Deep Learning based meth-

ods

Machine learning (ML) refers to the capability of a machine to enhance its perfor-

mance on the basis of previous outcomes. ML approaches allow systems to learn

without being programmed explicitly. Deep learning (DL) mimics the way the

human brain works for both feature extraction and classification as discussed in

[75]. This section includes the works which are based on machine learning and

deep learning. Summary of deep learning based cross-modal systems incorporating

image and text have been presented separately in the Table 2.6. Srivastava et al.

have proposed a novel technique of multi-modal Deep Belief Network for finding

out the missing data in text or image modality [76]. Also, the proposed model

can be used for multi-modal data retrieval as well as annotation purpose. After

experimentation on MIR Flickr data containing images and corresponding tags,

the proposed model is found to be better than bi-modal data of images and text.

Moreover, its performance outperforms the performance of Linear Discriminant

Analysis (LDA) and Support Vector Machine (SVM) models.

As the cross-modal data is heterogeneous in nature, so it is troublesome to

compare directly. For making it comparable, authors in [77] have made use of deep

learning by proposing a deep correlation mining technique. Various media features

are trained in this technique and then fused together with the help of correlation

between their trained features. Moreover, the Levenberg-Marquart technique has

been used for avoiding the local minima problem in deep learning. Experiments

are performed on image-audio and image-text databases to validate the proposed

solution. Authors have proposed a novel cross-modal retrieval technique based on

similarity theory and deep learning [78]. They have utilized Local Binary Pattern

(LBP) as an image descriptor and Deep Belief Network (DBN) as a deep learning

algorithm.

Hu et al. introduced a new Scalable Deep Multi-modal Learning (SDML) data
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retrieval method [79]. A common subspace is predefined to maximize between-

class variation and minimize within-class variation. Then a network is trained for

each modality separately such that n networks are obtained for n modalities. It

is done to transform multi-modal data into the common predefined subspace for

achieving multi-modal learning. The method is scalable to a number of modalities

as it can train different modality-specific networks separately. It is the first pro-

posed technique which is individually projecting data of different modalities into

a predefined common subspace. Experimentation is performed on four benchmark

datasets such as PKU XMedia, Wikipedia, NUS-WIDE, and MS-COCO dataset

to validate the proposed technique.

To solve the problem of image-text cross-modal retrieval, various novel models

are introduced in [80] which are designed by correlating hidden representations of

a pair of autoencoders. Minimizing correlation learning error enables the model to

learn invisible representations by just utilizing the general information in diverse

modalities. On the other hand, minimizing the representation learning error builds

hidden representations good enough for reconstructing inputs of each modality. A

specific parameter is set in the models to make a balance between two types of

error generated by representation and correlation learning. Models are divided

into two groups: (1) one contains three models that reconstruct both modalities

and so named as multimodal reconstruction correspondence autoencoder, and (2)

the second contains two models that reconstruct a single modality and so named

as unimodal reconstruction correspondence autoencoder. Experimentation is per-

formed on three popular datasets and the proposed technique is found to be better

than two popular multimodal deep models and three CCA based models.

Supervised cross-modal retrieval techniques provide better accuracy than un-

supervised techniques at the additional cost of data labeling or annotation. Lately,

semi-supervised techniques are gaining popularity as they provide a better frame-

work to balance the trade-off between annotation cost and retrieval accuracy. A

novel deep semi-supervised framework is proposed in [81] to handle both anno-

tated and un-annotated data. Firstly, an un-annotated part of training data is

labeled using the label prediction component and then a common representation

of both modalities is learned to perform cross-modal retrieval. The two modules of

the network are trained in a sequential manner. After extensive experimentation

on pascal, Wikipedia, and NUS-WIDE datasets, the proposed framework is found

to be outperforming both supervised and semi-supervised existing methods. Kiros

et al. have introduced an image-text multi-modal neural language model which

can be utilized for retrieving related images from complex sentence queries and

vice versa [82]. It has been presented here that text representations and image

features can be jointly learned in the case of image-text modeling by training the
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models in conjunction using a convolutional network.

A novel correspondence autoencoder model is proposed in [83] which is de-

signed by correlating hidden representations of two uni-modal autoencoders. For

this model training, an optimal objective that minimizes the linear combination

of representation learning errors for every mode and correlation learning error be-

tween the hidden representation of the modalities. A correspondence restricted

Boltzmann machine (Corr-RBM) is proposed in [84] for mapping the original fea-

tures of modality data into a low-dimensional common space where heterogeneous

data can be compared. Two deep neural structures are made from corr-RBM as

the chief building block for the cross-modal retrieval process. Cross-modal re-

trieval is performed using CNN visual features with various classic approaches in

[85]. A deep semantic matching (DSM) technique is also introduced for handling

cross-modal retrieval w.r.t. samples labeled with one or multiple labels. He et al.

have proposed a deep and bidirectional representation learning model (DBRLM)

where images and text are represented by two separate convolutional based net-

works [86].

A novel modal-adversarial hybrid transfer network has been proposed in [87]. It

realizes the knowledge transfer from the single-modal source domain to the cross-

modal target domain and then learns the common cross-modal representation.

The architecture is based on deep learning and is divided into two subnetworks:

(a) Modal-sharing knowledge transfer subnetwork; and (b) Modal adversarial se-

mantic learning subnetwork. A deep learning model has been introduced in [88],

named, AdaMine (ADAptive MINing Embedding) for learning the common rep-

resentation of recipe items incorporating recipe images and their recipe in textual

form. Gu et al. have proposed a novel approach generative cross-modal learning

network (GXN) which includes generative processes into the cross-modal feature

embedding which will be useful in learning both global abstract features and local

grounded features [89]. A deep neural network based approach known as hybrid

representation learning (HRL) is proposed for learning common representation for

each modality [90].

A new deep adversarial metric learning (DAML) technique is introduced for

cross-modal retrieval which maps annotated data pairs of diverse modalities non-

linearly into a shared latent feature subspace [91]. The inter-concept difference is

maximized and the intra-concept difference is minimized. Each data pair differ-

ence caught from modalities of the same class is also minimized. Motivated by

zero-shot learning, Xu et al. have presented a ternary adversarial network with

self-supervision (TANSS) model [92]. It includes three parallel sub-networks: (1)

two semantic feature learning subnetworks which capture the intrinsic data struc-

tures of diverse modes and preserve their relationships using semantic features in
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shared semantic space; (2) a self-supervised semantic subnetwork that utilizes seen

and unseen label word vectors to use them as guidance for supervising semantic

feature learning and increases knowledge transfer to unseen labels; and (3) ad-

versarial learning scheme is used for maximizing the correlation and consistency

of semantic features among various modalities. This whole network facilitates ef-

fective iterative parameter optimization. Yang et al. proposed a shared semantic

space with correlation alignment (S3CA) for cross-modal data representation [93].

It aligns the non-linear correlations of cross-modal data distribution in deep neural

networks made for diversified data.

Zhang et al. have presented a novel cross-modal retrieval with collective deep

semantic learning (CR-CDSL) approach which makes use of two complementing

deep neural networks and deep restricted Boltzmann machines are utilized for

weight initialization in the neural networks [94].

Associative learning based approaches

This section presents a short summary of multi-modal retrieval methods that are

primarily focused on the philosophies of cognitively logical ways of constructing

representations consistent with the inherent re-constructive and associative essence

of human memory. So, these methods are inspired by the multi-modal sensory in-

tegration inside the human brain. The work presented in this paper falls under this

category where an associative Hebbian network has been utilized to integrate two

SOMs (image SOM and test SOM) so that the accuracy of cross-modal retrieval

can be enhanced by combining two diverse information sources representing the

same content.

Shriwas et al. have introduced the use of auto-associative Hopfield network

for the cross-modal retrieval process [95]. Experiments have been carried out on

image-caption data and the system is tested for various kinds of queries like cap-

tion only, image only, and image+caption. The network’s retrieval robustness

for content-addressable multi-modal pattern retrieval has been assured. Multi-

modal associative learning has been introduced in [96] with the use of a modified

hypernetwork model or layered hypernetwork. The model comprises two layers

incorporating two modality-specific hypernetworks and one modality combining

hypernetwork. Korean magazine articles have been utilized for conducting experi-

ments. Hypernetwork association model has also been used in [97] where a vertex

denotes a visual patch or a textual word ad hyperedge indicates a higher-order

multi-model linkage. Sequential Bayesian sampling has also been exploited in the

multi-modal hypernetwork based retrieval of images using text.

A multiSOM approach has been proposed in [98]. The working of the tradi-
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tional SOM has been extended for handling different modalities and developing

bidirectional associations between them. Heterogeneous data from diverse modal-

ities are associated using the available semantic data as a medium. The multi-

modal data considered for experimentation includes images, the human voice of

Chinese characters, and their meanings as semantic information. It is ensured that

the model learns the bidirectional associative relationship. Wermter et al. have

proposed an associative self-organizing framework to integrate multi-modal inputs

of vision, language and motor programs for producing complex robot behaviors

[99].

Collell et al. have presented a novel approach for constructing multi-modal rep-

resentations by learning a language-to-vision mapping and its result has been used

to create multi-modal embeddings [100]. Authors guarantee that the proposed

method acts in an associative and re-constructive way close to human memory.

Motivated by the associative and reconstructive nature of human memory, a new

associative multichannel autoencoder (AMA) approach has been proposed in [101].

The issue of learning multi-modal word representations by linking visual, auditory,

and textual inputs has been considered.

2.1.6 Other methods

This section includes the summary of those works which cannot be classified under

any of the above classes. Su et al. In have proposed an Annotation by Image-

to-Concept Distribution Model (AICDM) for image annotation using the links

between visual features and human concepts from image-to-concept distribution

[102]. There is a rapid increase in the discussions regarding disaster and emer-

gency management on social media these days. Flood event observation has a

principal role in emergency management and the related videos and images are

also uploaded and searched on the web while disasters. This data can be helpful

in emergency management by using it in sensors. Inspired by this, Jing et al.

have performed image retrieval enhancement in the field of floods and flood aids

[37]. Integration of image and text features is performed after extracting visual

features from images using BoW and text features using TF-IDF and weirdness.

After extensive experimentation on US FEMA and Facebook datasets, it has been

demonstrated that the proposed method is enhancing the emergency management

efficiency by showing improvement in image recognition with the incorporation of

text features in it.

Images are ranked as per similarity of semantic features in the query by se-

mantic example retrieval. So, in [103], the accuracy of semantic features is im-

proved using cross-modal regularization which is based on associated text. A task-
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dependent and query-dependent subspace learning (TQSL) method has been pro-

posed in [104]. Firstly, a task and category-specific subspaces are learned together

in an integrated cross-modal learning framework using an iterative optimization.

A task category projection matrix is made based on the previous step. Afterward,

a semantic mapping function between multi-modal documents and corresponding

classes is learned via a trained linear classifier. Motivated from Hilvert space the-

ory, Xu et al. have proposed a correlation-based cross-modal subspace learning

model using kernel dependence maximization (KDM) [105]. Subspace represen-

tation for a modality is learned by increasing the kernel dependence rather than

direct maximization of feature correlations across multi-modal data. A multi-class

joint subspace learning (MJSL) approach is presented in [106] which distinguishes

among diverse concepts and utilizes the shared data related to semantic overlap.

Dong et al. have presented a semi-supervised modality-dependent cross-media

retrieval (SMDCR) method [107]. SMDCR completely utilizes the global data

distribution property and semantic data related to both labeled and unlabeled

samples.

2.2 Binary representation learning or cross-modal

hashing

In general, the word hash means chop and mix which consecutively means that

the hashing function chops and mixes information to obtain hash results [108].

The idea of hashing was first introduced by H. P. Luhn in his 1953 article A new

method of recording and searching information [109]. Entire information regarding

the birth of hashing is presented in [110]. It is nearly impossible to achieve a

completely even distribution. It can only be created by considering of structure

of keys. For a random group of keys, it is impractical to generate an appropriate

generic hash function as the keys are not known beforehand. Random uniform hash

works best in this case. So, inspired by the need of using random access system

having a huge capacity for business applications, Peterson gave an estimation

for the amount of search needed for the exact location of a record in numerous

storage systems including the sorted-file and index table method [111]. Then the

term hashing was first used by Morris in his article [112] in 1968. Few general

definitions in hashing are described below [108]:

• Hashing function: This function (h(·)) is used to map the random size of

data to a fixed interval [0, p]. Given a data having n data points i.e. A =

[a1, a2, ..., an] ∈ RD (real coordinate space of dimension D) and a hashing

function h(·), then h(A) = [h(a1), h(a2), ..., h(an)] ∈ [0, p] are known as
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hashes or hash values of data points represented by A. Hashing function is

practically utilized in a hash table data structure which is highly popular

for quick data lookup.

• Nearest neighbour (NN): It represents one or more data entities in A =

[a1, a2, ..., an] ∈ RD which are nearest to the query point aq.

• Approximate nearest neighbour (ANN): It attempts to find a data point

ax ∈ A which is an ε−approximate nearest neighbour of the query point

aq in that ∀ax ∈ A, the distance between ax and a satisfies the relation

d(ax, a) ≤ (1 + ε)d(aq, a).

Cross-modal hashing techniques are effective in resolving the issue of large

scale cross-modal retrieval because it combines the benefits of classic cross-modal

retrieval and hashing. These techniques either rely on annotated training data or

they lack semantic analysis [113]. For correlating diverse modalities, typical cross-

modal hashing techniques learn a unified hash space. Then the search process is

improved based on hash codes. Hashing methods are broadly classified into Data-

dependent and Data-independent methods [114]. In data-dependent methods, an

appropriate hash function is learned using the available training data, however,

the hash function is generated using random mapping independent of the training

data in data-independent methods. Hash function learning is categorized into two

stages: (1) Dimensionality reduction; and (2) Quantization. Dimensionality reduc-

tion means mapping the information from the original space to a low-dimensional

spatial representation. Quantization means a linear or non-linear transformation

of actual features to binary segment the feature space for acquiring hash codes.

The aim of hashing methods is to minimize the semantic gap among modalities as

much as possible. A typical resolution for this issue can be learning of a uniform

hash code to make it more consistent. Another resolution can be the minimization

of the coding distance and enhance its compactness. Hashing taxonomy followed

in this survey is: (1) General hashing methods which are defined first; and (2) Deep

learning based hashing methods which are defined later in a different subsection.

General hashing methods include all the methods which do not incorporate deep

learning.

Table 2.1 presents the comparison of hashing techniques on various character-

istics such as optimization, time complexity, hash function, and distance metric

utilized for similarity calculation. While optimizing the objective function, either

the relaxation is given for easy optimization or not which we call discrete type.

Relaxation of discrete hash codes may result in quantization loss and performance

degradation [115]. Time complexity mentioned here is for the whole method ex-

ecution where n is the number of training samples used in it. Hashing models
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can be categorized into linear and non-linear type [2]. The distance metric is the

metric utilized in the inter or intra similarity among modalities’ calculation.

Table 2.1: Comparison of hashing methods on the basis of various characteristics.
T = Traditional hashing method and D = Deep learning based hashing method

Characteristics Type Hashing
method

Methods

Optimization

Relaxation
T LCMH [116], QCH [117]

D TDH [118], SDCH [119]

Discrete
T DLSH [120], SRLCH [2]

D DVSH [121], DCMH [122]

Alternative solution
T MFDH [123], MSFH [115],

SMFH [124]

D ZSH [125]

Hash function

Linear T UCH [126], LCMH [116],
CMSTH [113], MSFH [115]

Non-linear
T SRLCH [2]

D DVSH [121]

Distance metric

Cosine
T QCH [117]

D DVSH [121]

Euclidean
T LCMH [116], MSFH [115]

D ZSH [125]

Hamming
T DLSH [120], CMSTH [113]

D DCMH [122], TDH [118],
AADAH [127]

2.2.1 General hashing methods

This section includes all the cross-modal retrieval works based on hashing tech-

nique and which does not incorporate a deep learning approach. Yu et al. have

proposed an Unsupervised Concatenation Hashing (UCH) technique where Locally

Linear Embedding and Locality Preserving Projection are introduced for recon-

structing the manifold structure of original space in the hamming space [126].

l2,1-norm regularization is imposed on the projection matrices for exploiting the

diverse characteristics of various modalities. The proposed technique has been

compared with other hashing techniques such as CVH, IMH, RCH, FSH, and
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CCA [128] as well. CVH [129] is an extension of classic uni-modal spectral hash-

ing [130] to multi-modal field. In IMH [131], learned binary codes conserve both

inter and intra-media consistency. FSH [132] embeds the graph-based fusion sim-

ilarity to a common hamming space. In RCH [133], common hamming space is

learned in diverse modalities’ binary codes are created as consistent as possible.

Xie et al. have introduced Cross-Modal Self-Taught Hashing (CMSTH) tech-

nique for both cross-modal and uni-modal image retrieval [113]. It can successfully

catch the semantic correlation from un-annotated training data. Three steps are

followed in the learning procedure: (1) Hierarchical Multi-Modal Topic Learning

(HMMTL) is proposed for identifying multi-modal topics using semantic infor-

mation; (2) Robust Matrix Factorization (RMF) is utilized for transferring the

multi-modal topics to hash codes which form a unified hash space, and (3) in

the end hash functions are learned for projecting the modalities to a unified hash

space. A new cross-modal hashing technique is proposed in [116] to handle the

method scalability issue in the training period. The time complexity of the tech-

nique varies linearly with training data size which allows scalable indexing for

multi-media search over various modalities. Hash functions are learned accurately

while considering inter and intra modality similarities. Experiments are performed

on NUS-WIDE and Wikipedia dataset to prove the effectiveness of the method.

The objective function utilized here for preservation of inter-similarity between

modalities for the bi-modal case is defined as:

min
B(1),B(2)

∥∥B(1) −B(2)
∥∥2

F
; s.t., B(i)T e = 0,

b(i) ∈ {−1, 1}, B(i)TB(i) = Ic, i = 1, 2;
(2.10)

where B(1) and B(2) represents the data matrices of image and text modalities,

e is n × 1 vector having each entry equal to 1, ‖·‖F is a Frobenius norm, Ic is

c× c identity matrix, B depicts final binary codes obtained, constraint B(i)T e = 0

needs each bit has same chance to be 1 or −1 and constraint B(i)TB(i) = Ic

requires the bits of each modality to be acquired separately. Loss function term∥∥B(1) −B(2)
∥∥2

F
obtains the maximal consistency (or the minimal difference) on

two object representations. Equation 2.10 is extended for more than two modality

case and the new general equation obtained is:

min
B(i),i=1,...,p

p∑
i=1

p∑
i<j

∥∥B(i) −B(j)
∥∥2

F
;

s.t., B(i)T e = 0, b(i) ∈ {−1, 1}, B(i)TB(i) = Ic, i = 1, ..., p,

(2.11)

where p represents no. of diverse modalities and rest of the notations are same as
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Figure 2.4: Cross-modal hashing approach proposed in [2]

eq. (2.10).

The issue of cross-modal hashing is how to efficiently construct the correlation

among diverse modality representations in the hash function learning process.

Most of the traditional hashing techniques map the miscellaneous modality data

to a joint abstraction space by linear projections similar to CCA. Due to this,

these methods are unable to effectively reduce the semantic gap among modalities

which has been proved to lead to better accuracy in information retrieval. So to

tackle this issue, a Latent Semantic Sparse Hashing method has been proposed

in [134]. This method executes the cross-modal similarity with the use of sparse

coding, for capturing important images’ structures, and matrix factorization, for

learning latent concepts from the text.

Wu et al. proposed a quantized correlation hashing (QCH) technique which

considers the quantization loss over different modalities and the relation among

them simultaneously [117]. The relation among diverse modalities that explains

the similar object is established by maximizing the correlation between the hash

codes across modes. The resultant objective function is converted to a uni-modal

formulation which is then optimized using another process. Objective function

is defined in Equation 2.12. Suppose two modalities (xi, yi) are representing n

object, where xTi depicts ith row of data matrix X ∈ Rn×dx of one modal and yTi

represents ith row of data matrix Y ∈ Rn×dy of another modal. dx and dy are

dimensions of the modalities. Similarity information between data points across
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domains is defined as: Sij = 1 iff xi and yj are similar and 0 otherwise.

min O(Bx, By,Wx,Wy) = (‖Bx −XWx‖2
F + ‖By − YWy‖2

F )−

α′
∑
(i,j)

Sij

(
xTi WxW

T
y yj −

√
xTi WxW T

x xi

√
yTj WyW T

y yj

)
s.t. W T

x Wx = Ic×c,W
T
y Wy = Ic×c

(2.12)

where Bx ∈ {−1, 1}n×c and By ∈ {−1, 1}n×c are two kinds of binary codes with

same code length c for each object. Wx ∈ Rdx×c and Wy ∈ Rdy×c depicts two

projection matrices for two modalities, W T
y means transpose of a matrix Wy and

similarly for other matrices. α′ represents control parameter for balancing quanti-

zation loss and cosine similarity constraint. For making Wx and Wy as orthogonal

projections, constraints W T
x Wx = Ic×c and W T

y Wy = Ic×c are used.

Most of the classic hashing techniques either suffer from high training costs

or fail to capture the diverse semantics of various modalities. In order to tackle

this issue, Lu et al. have presented an efficient Discrete Latent Semantic Hashing

(DLSH) approach [120]. Firstly, it learns the latent semantic representations of

miscellaneous modalities and afterward, projects them into a common hamming

space for supporting scalable cross-modal retrieval. This approach directly corre-

lates the explicit semantic labels with binary codes, so it increases the discrim-

inative ability of learned hashing codes. Unlike traditional hashing approaches,

DLSH directly learns binary codes using an effective discrete hash optimization.

The overall objective function of the DLSH approach for two modalities is given

as:

min
Ui|i=1,2,Ai|i=1,2,Wi|i=1,2,Q

2∑
i=1

‖φ(Xi)− UiAi‖2
F+

β

2∑
i=1

‖B −WiAi‖2
F+

δ‖B −QY ‖2
F + γ

(
2∑
i=1

‖Ui‖2
F +

2∑
i=1

‖Wi‖2
F + ‖Q‖2

F

)
s.t.B ∈ {−1, 1}L×N

(2.13)

where B is binary hash code matrix, ‖·‖F is the Frobenius norm of matrix, L

is hash code length and N is no. of training instances, Xi denotes the original

feature matrices of modalities, Q is semantic transfer matrix, Ai ∈ Rk×N is the

latent semantic representation of modalities and k is its dimension, Ui ∈ Rm×k is

basis matrix and m is no. of anchors, Wi ∈ RL×k represents projection matrices for

two sub-retrieval tasks, φ(Xi) ∈ Rm×N is Gaussian kernel projection of image and

text features, β and δ are penalty parameters and γ is regularization parameter
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for avoiding over-fitting.

Shen et al. have proposed a novel supervised Subspace Relation Learning

for Cross-modal Hashing technique which utilizes the relation information of la-

bels in semantic space for making similar data from diverse modalities nearer

in the low-dimension hamming subspace [2]. This technique preserves the dis-

crete constraints, modality relations, and non-linear structures while admitting a

closed-form binary code solution which increases the training accuracy. Both hash

functions and unified binary codes are learned at the same time using an iterative

alternative optimization algorithm. Using these hash functions and binary codes,

multi-modal data can be effectively indexed and searched. The framework of the

proposed SRLCH technique is shown in Figure 2.4.

Tang et al. have proposed an approach of supervised matrix factorization

hashing for using label information and effective cross-modal retrieval [124]. This

method is based on collective matrix factorization which considers both local ge-

ometric consistency in each mode and label consistency across several modalities.

To resolve the issue of quantization loss which happens by relaxing discrete hash

codes in the cross-modal retrieval process, [115] has proposed a multi-modal graph

regularized smooth matrix factorization hashing which is an unsupervised tech-

nique. The aim of this technique is to learn unified hash codes for multi-media data

in a common latent space where similarity of diverse modalities can be identified

efficiently.

Yu et al. utilizes multiple views for image and text representation to enhance

feature information [123]. A discrete hashing learning framework is proposed

which employs complementary information among multiple views to make discrim-

inative compact hash codes learning better. It performs classifier and subspace

learning simultaneously for completing multiple searches at the same time.

2.2.2 Cross-modal hashing methods based on deep learn-

ing

Deep learning has become highly popular in recent years. Features extracted by

deep learning methods have a powerful capability of expressing the data and they

also have rich semantic information contained in them [113]. Thus, the multi-

media information retrieval accuracy enhances significantly by combining hashing

methods with deep learning. Various works incorporating cross-modal hashing

methods based on deep learning have been introduced recently which are discussed

in this section.

Capturing of spatial dependency of images and temporal dynamics of text is

an important task in learning potential feature representations and cross-modal
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relations as it reduces the heterogeneity gap among modalities. So, a novel Deep

Visual Semantic Hashing model has been introduced in [121]. It creates concise

hash codes of textual sentences and images in a complete deep learning archi-

tecture that catches the essential cross-modal correspondences between natural

language and visual data. DVSH model has a hybrid deep framework that com-

prises a visual semantic fusion network to learn joint embedding space of text and

images, and two mode-specific hashing networks to learn hash functions for gener-

ating concise binary codes. The proposed framework efficiently unites cross-modal

hashing and joint multi-modal embedding that is based on a new amalgamation

of RNN over sentences, CNN over images, and a structures max-margin objective

which combines everything together to facilitate the learning of similarity pre-

serving and high-quality hash codes. Various cross-modal hashing techniques are

based on hand-crafted features that may not attain a good accuracy value. A

novel deep cross-modal hashing technique has been introduced in [122] by com-

bining hash-code learning and feature learning into the same framework. From

beginning to end, this framework consists of deep neural networks, one for each

mode to do feature learning from starting.

A triplet based deep hashing network is proposed in [118]. firstly, the triplet

labels are utilized that explains the relative relationship among three instances as

supervision for catching more common semantic correlations among cross-modal

instances. For boosting the discriminative ability of hash codes, a loss function is

generated from intra-modal and inter-modal views. In the end, graph regulariza-

tion is utilized for preserving the actual semantic similarity between hash codes

in the hamming space. A deep adversarial hashing network has been proposed in

[127] with attention mechanism for increasing the measurement of content sim-

ilarities for particularly aiming at the informative pieces of multi-media. It has

three modules: (a) feature learning module for getting feature representations;

(b) attention module for creating attention mask; (c) hashing module for learning

hash functions. A novel deep cross-modal hashing framework is proposed in [119]

which combines hash codes and feature learning into the same network. It has

considered both inter and intra modality correlation and a loss function with dual

semantic supervision for hash learning.

Liu et al. introduced a novel cross-modal zero-shot hashing method which

efficiently utilizes both labeled and un-labeled multi-modal data having separate

label spaces [125]. Zero-shot hashing learns a hashing model that is trained using

only samples from seen classes, however, it has the capability of good generaliza-

tion for unseen classes’ samples. Typically, it utilizes the class attributes to seek a

semantic embedding space for transferring knowledge from seen classes to unseen

classes. So, it may perform poorly in the case of less labeled data. Ji et al. have
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proposed a multi-level semantic supervision generating method after exploring the

label relevance, and a deep hashing framework is introduced for multi-label image-

text cross-modal retrieval [135]. It can capture the binary similarity as well as the

complex multi-label semantic structure of data in diverse forms at the same time.

2.3 Benchmark datasets

With the advent of huge multi-modal data generation, cross-modal retrieval has

become a crucial and interesting problem. Researchers have composed diverse

multi-modal datasets for evaluating the proposed cross-modal techniques. Sum-

mary of prominent multi-modal datasets is given in Table 2.2 which includes

dataset name, mode, total concepts, dataset size, image representation, text repre-

sentation, related article, and data source. Figure 2.5 presents a graph of the total

number of categories in the datasets. Information regarding prominent benchmark

datasets is given in the following points.

Figure 2.5: A chart displaying the total number of categories in the popular
datasets

1. NUS-WIDE1 [136]: This is a real-world web image dataset composed by

Lab for Media Search in the National University of Singapore. It consists

of: (a) 2,69,648 images and associated tags from Flickr with 5,018 unique

tags, (b) Ground-truth for 81 concepts; and (c) low-level image features

of six types, comprising 144-D color correlogram, 128-D wavelet texture,

1https://lms.comp.nus.edu.sg/wp-content/uploads/2019/research/nuswide/

NUS-WIDE.html
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64-D color histogram, 500-D BoW based on SIFT descriptions, 73-D edge

direction histogram and 225-D block-wise color moments.

2. IAPR TC-121 [137]: This dataset is also known as ImageCLEF 2006. It has

been created for CLEF (Cross-Language Evaluation Forum) cross-language

image retrieval task. It is composed of 20,000 images taken from a private

photographic image collection and associated captions are in three different

languages such as English, Spanish, and German. This benchmark has been

established from an initiative started by Technical Committee 12 (TC-12)

of the International Association of Pattern Recognition (IAPR). The idea

behind this dataset creation was to use it for evaluating the efficiency of

both visual and text-based retrieval techniques.

3. Wikipedia2 [43]: It consists of a document corpus with associated text and

image pairs. It has been designed from Wikipedia’s featured articles which

are complemented by one or more images from Wikipedia Commons, provid-

ing a pair of desirable variety. Each article is classified into one of 29 concepts

by Wikipedia and the concepts are assigned to both image and text modules

of the article. The researchers have considered the top 10 highly populated

concepts as some of the concepts are rare. The final corpus consists of 2,866

documents. These are image-text pairs that have been assigned a class from

the vocabulary of 10 semantic classes. Figure 2.6 shows two examples (art

and biology class) from the dataset with the image and the associated text

(paragraph).

4. PASCAL VOC 20073 [138]: This dataset has been taken from the PASCAL

(pattern analysis, statistical modeling, and computational learning) VOC

(Visual Object Challenge) challenge. The dataset provided in this challenge

is being utilized by researchers for the evaluation of the proposed cross-

modal techniques. PASCAL VOC 2007 dataset has been widely used by

the research community. It contains annotated consumer pictures composed

from Flickr 4 (photo and video sharing website). The dataset consists of a

total of 9,963 images and 24,640 annotated objects which have been catego-

rized into 20 different classes with four main concepts. The images consist

of varied viewing conditions such as lightning, pose, and others. Annotators

took guidance from annotation guidelines5 for appropriately annotating each

1https://www.imageclef.org/photodata
2http://www.svcl.ucsd.edu/projects/crossmodal/
3http://host.robots.ox.ac.uk/pascal/VOC/voc2007/index.html
4https://www.flickr.com/
5http://host.robots.ox.ac.uk/pascal/VOC/voc2007/guidelines.html

43

https://www.imageclef.org/photodata
http://www.svcl.ucsd.edu/projects/crossmodal/
http://host.robots.ox.ac.uk/pascal/VOC/voc2007/index.html
https://www.flickr.com/
http://host.robots.ox.ac.uk/pascal/VOC/voc2007/guidelines.html


Figure 2.6: Two examples from Wikipedia dataset in which an image is associated
with the collateral text

image in the ground-truth[138]. The entities mentioned in the annotation

are class, bounding box, view, truncated, and difficult.

5. MIR Flickr 25k and 1M1 [139], [140]: The dataset is available in 2 sizes:

25k and 1M. The images have been collected from Flickr for the research

purpose related to image content and image tags. Moreover, tags and EXIF

(Exchangeable image file format) image metadata has also been extracted

and made publicly available. Image tags have been presented in two forms:

(a) raw form in which they are obtained from users; and, (b) in the pro-

cessed form where raw tags have been cleaned by Flickr (e.g. removal of

spaces and special characters). In MIR Flickr 25k data, images have been

manually annotated. Each image has an average of 8.94 tags. So, there are

1386 tags that are associated with at least 20 images. Images are split into

15,000 training and 10,000 testing images. MIR Flickr 1M data is an exten-

sion of MIR Flickr 25k. Images have not been annotated manually, unlike

original 25k data. Images are represented using MPEG-7 edge histogram

and homogeneous texture descriptors and color descriptors.

6. INRIA-Websearch [141]: This dataset consists of 71,478 images resulted

from a web search engine for 353 miscellaneous search queries. Top-ranked

images have been chosen from this search along with their correspond-

ing metadata and ground-truth annotations. For each searched query, the

dataset comprises the initial textual query, top-ranked images, and an an-

notation file. More than 200 images have been retrieved for 80% of queries.

1http://press.liacs.nl/mirflickr/
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Annotation file consists of manual labels for image relevance to the query

and other related metadata such as web page URL, image URL, page title,

image’s alternate text, 10 words before the image on a web page, and 10

words after. Images have been scaled to fit in a 150 × 150 pixel square,

however, preserving the original aspect ratio.

7. Flickr 8k and 30k1 [142], [143]: Flickr 30k is an extension of the Flickr 8k

dataset. Both datasets have been created from the Flickr website. Flickr

8k contains 8,092 images and its main focus is on people or animals (mainly

dogs) carrying out some action. Images have been collected from six different

Flickr groups manually and annotated using multiple captions in the form

of sentences by selected workers from the US. Flickr 30k contains 31,783

images of everyday scenes, activities, and events. Images are associated

with 1,58,915 captions which have been attained via crowd-sourcing. The

approach followed to collect this data is the same as followed by [142].

8. PASCAL Sentence Data2 [144]: The images for this dataset have been col-

lected from PASCAL VOC 2008 challenge [138]. Data consists of 1000 im-

ages selected from around 6000 images of PASCAL VOC 2008 training data.

Images have been categorized into 20 categories depending upon the objects

that appear in them and few images are present in multiple classes. Fifty

random images have been chosen from each class to compose the dataset.

Each image is annotated with five different captions in the form of sentences.

9. MS-COCO3 [145]: Microsoft Common Objects in COntext (MS COCO)

dataset has been composed of the pictures of daily scenes consisting of gen-

eral objects in their usual environment. The objects are labelled using per-

instance segmentation to help in precise object localization. The dataset

consists of total 3,28,000 images with 25,00,000 labelled instances. The ob-

jects chosen for the dataset are from 91 diverse categories. The annotation

pipeline has been divided into three prominent exercises: (1) labelling con-

cepts which are present in the image, (2) locating and marking all instances

of labelled concepts; and (3) segmentation of each object instance.

10. WIKI-CMR [49]: This dataset has been collected from Wikipedia articles

which contain images, paragraphs and hyperlinks. Authors mainly focused

on the areas: geography, people, nature, culture and history for dataset

collection. It consists of total 74,961 documents categorized into 11 diverse

1http://shannon.cs.illinois.edu/DenotationGraph/
2http://vision.cs.uiuc.edu/pascal-sentences/
3http://cocodataset.org/
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concepts. Each of the document includes one paragraph, one associated

image (or no image), a category label and hyperlinks. Images are represented

using eight types of features including dense SIFT, Gist, PHOG, LBP and

other features. Text is represented using TF-IDF.

46



Table 2.2: Summary of prominent image-text multi-modal datasets

Sr Dataset Year Mode Total

concepts

Total im-

ages/ text

Image representation Text

represen-

tation

1 IAPR TC-

12 [137]

2006 Image/

caption

Diverse 20,000/

60,000

- -

2 MIRFlickr

25k [139]

2008 Image/

tags

Diverse 25,000/

2,23,500

- -

3 NUS-

WIDE

[136]

2009 Image/

tags

81 2,69,648/

5,018 unique

tags

Color correlogram,

wavelet texture, color

histogram, BoW based

on SIFT descriptions,

edge direction histogram

and block-wise color

moments

Tag occur-

rence fea-

ture

4 ImageNet1

[146]

2009 Images/

synsets

12 sub-

trees

32,00,000/

5,247

SIFT -

5 Wikipedia

[43]

2010 Image/

text

29 (10

major)

2,866/ 2,866 SIFT LDA

6 Pascal

VOC 2007

[138]

2010 Image/

tags

20 9,963/ 24,640 - -

7 MIRFlickr

1M [140]

2010 Image/

tags

Diverse 10,00,000/

89,40,000

MPEG-7 edge histogram

and homogeneous tex-

ture descriptors, color

descriptor

Flickr

user tags,

EXIF

metadata

8 INRIA-

websearch

[141]

2010 Image/ la-

bels

353 71478/ - - -

9 Pascal sen-

tence data

[144]

2010 Image/

sentences

20 1000/ 5000 - -

10 Wikipedia

POTD

[147]

2011 Images/

paragraphs

NA 1987/ 1987 SIFT Text tok-

enization

using

rainbow

11 Flickr 8k

[142]

2013 Image/

captions or

sentences

Diverse 8092/ 40460 - -

12 WIKI-

CMR [49]

2013 Images/

para-

graphs/

hyperlinks

11 38,804/

74,961

SIFT, gist, PHOG, LBP,

self similarity, spatial

pyramid method

TF-IDF

13 Flickr 30k

[143]

2014 Image/

captions or

sentences

Diverse 31,783/

1,58,915

- -

14 MS COCO

[145]

2014 Images/ la-

bels

91 3,28,000/

25,00,000

- -

1 http://www.image-net.org
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2.4 Evaluation metrics

For image and text modality, two cross-modal retrievals are considered: (a) image

to text retrieval (I2T), means retrieving text related to the query image; and (2)

text to image retrieval (T2I), retrieving images that match with the textual query

[5]. Precisely in the testing phase, given a text or an image query, the aim of

the cross-modal method is to search and retrieve the images or text that closely

matches the query modality respectively. A retrieved outcome is considered to be

relevant if it belongs to the same concept as the query modality. Two typical fac-

tors considered while quantitative performance evaluation are: (1) class relevance

evaluation between query and outcome; (2) examining cross-modal relevance for

image-text pairs. The first factor tells about the ability to learn diverse cross-

modal latent representations while the second factor says about the capability of

learning correlated latent concepts [73]. The metrics related to the above two

factors are as follows:

1. Precision, recall and PR curve: Precision is defined as the ratio of TP to

TP + FP , where TP is the number of outcomes which are similar to query

and TP + FP is the number of total retrieved outcomes. It is useful in

measuring the probability of success for an information retrieval system. On

the other hand, Recall is defined as the ratio of TP to TP + FN , where

TP is the same as explained above and TP + FN is the total number of

relevant outcomes in the repository. It is useful in measuring the percentage

of retrieved relevant results for an information retrieval system [68, 78]. Refer

to Table 2.3 for a complete understanding of the definition of precision and

recall. Precision and recall can be expressed as (Eqs. 2.14 and 2.15):

precision =
TP

TP + FP
(2.14)

recall =
TP

TP + FN
(2.15)

where TP indicates true positive, FP is false positive and FN represents

false negative.

Several researchers have used the precision-recall curve to visualize the per-

formance of their algorithm [148, 1, 55, 149]. The curve indicates the preci-

sion value at different recall levels. Authors in [150] have also used precision

curve for performance visualization. It indicates the change in precision with

respect to the number of retrieved results.
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Table 2.3: Table for better understanding of precision and recall

Relevant Irrelevant Total

Retrieved True Positive
(TP)

False Positive
(FP)

Predicted Positive

Not retrieved False Negative
(FN)

True Negative
(TN)

Predicted Negative

Total Actual Positive Actual Nega-
tive

TP+FP+TN+FN

2. F-measure: It is a typical metric utilized for evaluating the performance

of information retrieval systems [78]. After considering the effects of both

precision and recall, F-measure can be defined mathematically as eq. (2.16):

F =
(θ2 + 1)× precision× recall
θ2 × (precision+ recall)

(2.16)

here θ has been used for adjusting the weighted proportion of both recall

and precision. If θ becomes 1 then F-measure can be redefined as F1 (Eq.

2.17):

F1 =
2× precision× recall
precision+ recall

(2.17)

Here, F1 is the perfect combination of recall and precision. More the value

of F1, more better is the algorithm.

3. MAP : Mean Average Precision (MAP) is the most popular metric used for

evaluating the performance of a cross-modal retrieval algorithm. It measures

whether the retrieved result belongs to the same class as the query data

(relevant) or not (irrelevant) [73]. It is the average of average precision

calculated over all the queries. Given a query (an image or a text) and a

group of its corresponding O retrieved outcomes, average precision is defined

as (Eq. 2.18):

AP =
1

R

O∑
o=1

P (o)rel(o) (2.18)

where R is the number of relevant outcomes in the retrieved outcomes, P (o)

is the precision of top o retrieved outcomes, if the oth retrieved outcome is

relevant then rel(o) = 1 and otherwise 0. Now, MAP can be defined as (Eq.
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2.19):

MAP =
1

Q

Q∑
q=1

AP (2.19)

where Q is the total number of queries. A large MAP value signifies the bet-

terment of the cross-modal algorithm when applied on a particular dataset.

4. Percentage: MAP metric only considers the factors that whether the out-

come is relevant to query or not. For more precise evaluation, all the re-

trieved outcomes are ranked as per correlation. Typically, a query text (or

image) is considered to be successful in retrieving results if its corresponding

ground-truth image (or text) appears in the first a percent of the ranked list

of retrieved outcomes. Percentage is the ratio of correctly retrieved query

outcomes among all the query outcomes. Authors in [78, 73, 147] have uti-

lized this metric for algorithm evaluation and have chosen the value of a as

0.2 or 20%.

5. MRR: Mean Reciprocal Rank (MRR) is another performance evaluation

metric similar to percentage. It has been applied in [78, 73] for method

evaluation regarding the position of the corresponding ground-truth outcome

paired with the query. It is mathematically expressed as (Eq. 2.20):

MRR =
1

|O|

|O|∑
n=0

1

rankn
(2.20)

where |O| is the number of query outcomes, rankn indicates the position of

corresponding unique groud-truth paired with nth query in the retrieved set.

2.5 Discussion and comparative analysis

Cross-modal information retrieval is a burdensome task because of the semantic

gap among modalities. Due to which different modalities cannot be compared

directly to each other. To handle this issue, researchers have introduced several

techniques for multi-modal data representation in the past few years. Table 2.6

presents a summary of recent literature for state-of-the-art techniques used for

image-text cross-modal retrieval. It is divided into three parts: the first part con-

tains works incorporating real-valued representation learning, the second includes

binary representation learning works and the third is devoted to works based on
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Table 2.4: Comparison of hashing techniques in diverse supervision modes

Mode Label
use

Data
process

Hash
learning

Retrieval per-
formance

Performance
in large
scale data

Supervised Yes Complex Complex Good Good

Unsupervised No Simple Simple Fair Poor

Semi-
supervised

Partly Simple Complex Average Fair

Table 2.5: Comparison of general and deep learning based hashing methods

Hashing
method

Generality Modeling
complexity

Retrieval
performance

Parameter
scale

Hardware
cost

General Poor Complex Fair Small Small

Deep
learning
based

Good Simple Good Large Large

deep learning. The table describes the cross-modal method, image and text feature

extractors, the dataset used, method type, evaluation metric, and references.

The data-dependent hashing methods can be categorized into supervised, unsu-

pervised, and semi-supervised as per utilization of data supervision information.

Supervised methods usually obtain better search accuracy than the other two

methods because of the utilization of semantic label information. Unsupervised

methods are appropriate for small scale and data-distributed retrieval, however,

semi-supervised methods perform better in case of less label information. Table

2.4 shows the comparison of these three types of methods.

Deep learning plays a vital role in hash learning, feature extraction, and re-

trieval performance in a hashing method. Usually, the deep learning based hashing

method performs better than the general hashing method as it is data-dependent

and its performance depends upon a substantial increase in data scale. So, deep

hashing methods usually perform better in case of a colossal amount of multi-

modal data but with higher hardware cost. Besides, the black box feature ex-

traction attributes of deep learning may lead to the exclusion of vital information

from the original data. Moreover, the optimization process of deep learning re-

quires plenty of manual fine-tuning [114]. The refinement and potent of feature

extraction part of the deep hashing method must be considered in future works.

Table 2.5 presents a comparison of general and deep learning based hashing meth-

ods in the cross-modal retrieval field. As the hash retrieval is a type of statistical

task, label information plays an important role in it without particular method
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consideration. In the case of un-annotated or incomplete labeled data, impul-

sively following retrieval performance under a supervised situation may lead to

poor algorithm performance. So, consideration of algorithm performance in case

of diverse data labeling degrees is required in the future.

Table 2.6: Summary of works done in image-text cross-modal retrieval

SR. TECHNIQUE IMAGE

REP.

TEXT

REP.

DATA TYPE METRIC REF.

&

YR.

Real-valued representation techniques

1 Linkage of each

image feature

with text feature

Bag-of-Words CiCui

system

[151], TF-

IDF and

weirdness

[152]

US FEMA

flood data,

Facebook

pages’ and

groups’ data

related to

floods

- MAP [37]

2016

2 Structural SVM,

SR, CSR (using

CCA)

BoW of dense

SIFT features

Probability

distribu-

tion

UIUC Pas-

cal Sentence

dataset, IAPR

TC-12 bench-

mark and

SBUCaptioned

Photo dataset

- BLEU

score,

rouge score

[45]

2014

3 Cluster sensitive

cross-modal cor-

relation learning

framework

Wavelet fea-

ture, 3 level

spacial max-

pooling, GIST,

dense SIFT

with sparse

coding, PHOG

and color

histogram

TF-IDF

and Latent

Dirichlet

alloca-

tion(LDA)

Image Clef and

Wikipedia [49]

dataset

Semi-

supervised

MAP [61]

2015

4 AICDM Scalable color

descriptor,

color layout

descriptor,

homogeneous

texture de-

scriptor, edge

histogram,

grid color

moment and

gabor wavelet

moment

- ESP, pascal

VOC 2007,

web image

- PR curve [102]

2011

5 Probabilistic

model of au-

tomatic image

annotation

Blobs to repre-

sent image re-

gions

TF-IDF IAPR TC-

12 and 500

Wikipedia

web-pages

dataset

- Precision,

recall,

F-measure

[68]

2015
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6 Markov Random

Field (MRF) and

Hidden Markov

Model (HMM)

Image mo-

ments, gray

level co-

occurrence

matrix

(GLCM) mo-

ments, auto-

correlation

coefficients

(AC), edge

frequency

(EF), Gabor

filter descrip-

tor, Tamura

descriptor,

color edge

directional

descriptor

(CEDD), fuzzy

color texture

histogram

(FCTH) de-

scriptor and

combined

texture feature

Bag-of-

Keywords

Thoracic CT

scan data of

nine distinct

concepts con-

taining 842

ROIs (created)

Supervised Precision,

recall and

their curve,

ten-fold

cross val-

idation

accuracy,

classifi-

cation

accuracy

[39]

2014

7 Joint feature se-

lection and sub-

space learning

Gist, SIFT LDA Pascal,

Wikipedia and

NUS-WIDE

dataset

- MAP, PR

curve

[53]

2015

8 Local Group

based Consistent

Feature Learn-

ing (LGCFL)

GIST, HoG word fre-

quency

feature,

latent

Dirichlet

allocation

model

with 10

dimensions

LabelMe,

Wikipedia,

Pascal

VOC2007,

NUS-WIDE

Supervised MAP, PR

curve

[153]

2015

9 KCCA based ap-

proach

Gist, color his-

togram, BoVW

word fre-

quency,

relative

tag rank,

absolute

tag rank

Pascal VOC

2007, labelme,

Unsupervised Normalized

discounted

cumulative

gain

[52]

2012

10 Structural SVM

based unified

framework

SIFT, BoVW,

LDA

BoW, LDA IAPR TC-12

Benchmark,

UIUC Pascal

Sentence, SBU-

Captioned

Photo

- BLEU,

precision,

recall, me-

dian rank,

MAP

[46]

2017
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11 Cross mOdal

Similarity

Learning al-

gorithm with

Active Queries

(COSLAQ)

SIFT, GIST latent

Dirichlet

allocation

model

Wikipedia

, Pascal

VOC2007,

NUSWIDE-

1.5K, LabelMe

Supervised MAP [154]

2018

12 CM, SM, SCM SIFT LDA Wikipedia Unsupervised MAP, PR

curve

[43]

2010

13 Graph regu-

larization and

modality depen-

dence (GRMD)

CNN LDA INRIA-

websearch,

Pascal

sentence,

Wikipedia

2010

- MAP, PR

curve

[1]

2020

14 CCA, KCCA SIFT, gist,

PHOG, LBP,

self similarity,

spatial pyra-

mid method

TF-IDF WIKI-CMR - Precision [49]

2013

15 Improved CCA - - NUS-WIDE,

Pascal

sentence,

Wikipedia

- MAP [48]

2017

16 Unsupervised

KCCA based

framework

Gist, HSV

color his-

togram, SIFT

Words

frequency,

relative

tag rank,

absolute

tag rank

Labelme, Pas-

cal VOC

Unsupervised Normalized

Discounted

Cumula-

tive Gain

(NDCG)

[51]

2010

17 MLRank Gist, color

histogram,

color suto-

correlation,

edge direction

histogram,

wavelet tex-

ture, block-

wise color

moments

- Corel 5k, NUS-

WIDE, IAPR

TC12

Semi-

supervised

Precision,

recall,

F1 score,

MAP, N+

(no. of

keywords

with non-

zero recall

value)

[69]

2013

18 CM, SM, SCM SIFT LDA TVGraz,

Wikipedia

Supervised

and unsu-

pervised

MAP, PR

curve

[44]

2013

19 CCA and its

probabilistic

interpretation

RGB-SIFT Binary fea-

tures

MIRFlickr 1M - Precision [47]

2014

20 Regularizer of

image semantics

SIFT LDA TVGraz,

Wikipedia,

pascal sentence

dataset

- MAP, PR

curve

[103]

2014
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21 Modality-

dependent

cross-media re-

trieval (MDCR)

model

CNN visual

features

LDA Wikipedia,

pascal sen-

tence, INRIA-

websearch

Supervised MAP [59]

2016

22 Semantic con-

sistency cross-

modal retrieval

(SCCMR)

CNN, VGG LDA, BoW Wikipedia,

pascal sen-

tence, NUS-

WIDE-10k,

INRIA-

websearch

Semi-

supervised

MAP, PR

curve

[54]

2020

Binary-valued or cross-modal hashing techniques

23 Unsupervised

Concatenation

Hashing (UCH)

Gist word fre-

quency

count

Pascal, UCI

handwrit-

ten digit,

Wikipedia

Unsupervised MAP [126]

2019

24 Cross-modal

self-taught hash-

ing (CMSTH)

SIFT, HoG,

GIST

TF-IDF Wikipedia,

NUS-WIDE

Unsupervised MAP [113]

2016

25 Linear cross-

modal hashing

SIFT LDA NUS-WIDE,

Wikipedia

- MAP,

recall

[116]

2013

26 Latent semantic

sparse hashing

Sparse coding Matrix fac-

torization

Labelme,

NUS-WIDE,

Wikipedia

- MAP, PR

curve

[134]

2014

27 Quantized corre-

lation hashing

SIFT, BoW LDA, tag

vector

58W-CIFAR,

NUS-WIDE,

Wikipedia

Supervised MAP, pre-

cision

[117]

2015

28 Discrete Latent

Semantic Hash-

ing

SIFT, gist,

edge histogram

Topic vec-

tors, index

vector of

selected

tags, fea-

ture vector

derived

from PCA,

binary

tagging

vector

Labelme, MIR-

Flickr 25k,

NUS-WIDE,

Wikipedia

Supervised MAP, PR

curve

[120]

2019

29 Subspace Rela-

tion Learning

for Cross-modal

Hashing

SIFT, gist LDA, tag

occurrence

feature

vector

ImageNet,

Labelme, MIR-

Flickr 25k,

NUS-WIDE,

UCI handwrit-

ten digit data,

Wikipedia

Supervised MAP, pre-

cision

[2]

2020

30 Deep Visual Se-

mantic Hashing

model

Deep fc7 fea-

tures

BoW vec-

tor

IAPR TC-12,

MS COCO

- MAP, pre-

cision

[121]

2016

31 Deep cross-

modal hashing

Gist, bag-of-

visual-words

(BOVW)

BoW vec-

tor

IAPR TC-12,

MIRFlickr 25k,

NUS-WIDE

- MAP, PR

curve

[122]

2017
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32 Triplet-based

deep hashing

network

SIFT BoW MIRFlickr 25k,

NUS-WIDE

Supervised MAP, PR

curve

[118]

2018

33 Attention-Aware

Deep Adversar-

ial Hashing

- BoW IAPR TC-12,

NUS-WIDE,

MIRFlickr 25k

- MAP, PR

curve

[127]

2018

34 Supervised ma-

trix factorization

hashing

SIFT Topic vec-

tor, BoW

NUS-WIDE,

Wikipedia

Supervised MAP, pre-

cision, PR

curve

[124]

2016

35 Semantic deep

cross-modal

hashing

- BoW IAPR TC-12,

MIRFlickr,

NUS-wIDE

Supervised MAP,

precision

curve, PR

curve

[119]

2019

36 Zero-shot hash-

ing

BoVW, SIFT,

gist

LDA, BoW MIRFlickr,

NUS-WIDE,

Wikipedia

Semi-

supervised

MAP [125]

2019

37 Deep multi-

level semantic

hashing

- BoW MIRFlickr 25k Supervised MAP, PR

curve

[135]

2019

38 Cycle-Consistent

Deep Gener-

ative Hashing

(CYC-DGH)

CNN LDA Microsoft

COCO, IAPR

TC-12, wiki

- MAP,

precision

curve, PR

curve

[155]

2018

39 Multi-modal

graph regular-

ized smooth

matrix factoriza-

tion hashing

SIFT, BoW,

edge histogram

LDA, tag

vector

feature

vectors

MIRFlickr,

NUS-WIDE,

Wikipedia

Unsupervised MAP, PR

curve

[115]

2019

40 Multi-view fea-

ture discrete

hashing

SIFT, his-

togram feature,

BoVW

Word vec-

tor, mean

vector,

covariance

matrix,

feature

histogram

MIRFlickr,

MMED,

NUS-WIDE,

Wikipedia

Supervised MAP, PR

curve

[123]

2020

Cross-modal methods based on deep learning

41 Multi-modal

Deep Belief

Network (DBN)

Image specific

DBN which

used Gaussian

Restricted

Boltzmann

Machines

(RBM)

Text spe-

cific DBN

which used

Replicated

Softmax

model

MIR Flickr

Data

Unsupervised MAP [76]

2012

42 Levinberg-

Marquardt deep

canonical corre-

lation analysis

(LMDCCA)

Deep neural

network

Deep neu-

ral network

Wikipedia Ar-

ticles data

- Precision

recovery

curve

[77]

2019
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43 Cross-media

multiple deep

network

GIST, Pyra-

mid Histogram

of Words

(PHoW),

MPEG-7,

SIFT, color

correlo-

gram, color

histogram,

wavelet tex-

ture, edge

direction

histogram,

block-wise

color moments

BoW NUSWIDE-

10k,

Wikipedia,

Pascal Sen-

tences

- MAP, PR

curve

[156]

2016

44 Deep canoni-

cal correlation

analysis(DCCA)

color his-

togram, color

correlogram,

edge direction

histogram,

wavelet tex-

ture, block-

wise color

moments,

SIFT, GIST,

MPEG-7

Bag-of-

Words

(BoW)

Wikipedia,

pascal, NUS-

WIDE10k

Supervised MAP [157]

2016

45 Deep coupled

metric learning

(DCML) method

SIFT, BoVW,

GIST, color

histogram

Latent

Dirichlet

allocation

(LDA)

model

Wikipedia,

Pascal VOC

2007, NUS-

WIDE

- Precision,

MAP, ROC

and CMC

curve

[158]

2016

46 Deep semi-

supervised

framework

CNN, GIST,

SIFT

100-d, 399-

d and 1000-

d word freq

vectors

Wikipedia,

pascal VOC,

NUS-WIDE

Semi-

supervised

MAP [81]

2019

47 Correspondence

autoencoder

Pyramid

Histogram

of Words

(PHOW),

MPEG-7 de-

scriptors and

Gist

Bag-of-

Words

Wikipedia,

Pascal, NUS-

WIDE

- MAP [80]

2015

48 Multitask learn-

ing approach

with 3 mod-

ules: Correla-

tion Network,

Cross-modal

Autoencoder,

Latent Semantic

Hashing

4096-

dimensional

vector ex-

tracted by the

fc10 layer of

VGGNet

1386/2000-

dimensional

bag-of-

word

vectors

MIRFLICKR-

25K, MS

COCO

- MAP [159]

2019
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49 Deep Adver-

sarial Metric

Learning ap-

proach (DAML)

SIFT, VGG LDA, BoW Wikipedia,

pascal, NUS-

WIDE

Supervised MAP [91]

2019

50 Deep Pairwise

Ranking model

with multi-label

information

for Cross-

Modal retrieval

(DPRCM)

CNN, GIST,

SIFT

100-d, 399-

d and 1000-

d word freq

vectors

Wikipedia,

pascal, NUS-

WIDE

Supervised MAP [160]

2019

51 Deep Belief Net-

work

LBP - NUS-WIDE,

Wikipedia

- MAP, per-

centage,

MRR

[78]

2017

52 Log-Bilinear

Model

- - IAPR TC-12,

attribute dis-

covery, SBU

captioned

photos

- Bleu, per-

plexity and

retrieval

evaluation

[82]

2014

2.6 Research gaps

Based on the literature review, the research gaps which have been identified are:

1. Noisy and restricted annotations : An enormous amount of multi-modal data

is composed by researchers from various websites such as Flickr, YouTube,

and Facebook to name a few. This data on the web is mostly unstructured

and the accompanying annotations are also noisy and restricted. Annota-

tions provide the semantic information required to understand an image or a

video and labeling a large number of instances manually is almost impossible.

In [161], authors have used the combination of noisy and cleanly annotated

images for robust image representations. One technique for combining noisy

and clean data is to train a network with noisy data and then fine-tune it

using clean data. However, this technique is not suitable for the proper us-

age of clean data. The proposed method represents the technique of using

clean annotations for a reduction in noise in a large dataset and fine-tuning

of the network with both clean and reduced noise data. The method consists

of a multi-task network that learns to clean noisy annotations together with

efficient classification of images.

2. Need of a hybrid approach for designing cross-modal system: Soft computing

techniques have been used extensively these days to solve real-life problems

and they show good results in data representation [162, 163, 164]. Although,
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miscellaneous authors have utilized these methods for cross-modal system

design, however, they are still in their early stage and require to be explored

more. Moreover, researchers either use a soft-computing or algorithmic ap-

proach. Both have their strengths and weaknesses. So, there is a need for a

hybrid approach to integrate heterogeneous data of diverse modalities.

3. Lack of large scale multi-modal datasets : Researchers are proposing different

algorithms nowadays for cross-modal retrieval and annotation. However,

there is a lack of colossal datasets comprising various modalities to test and

validate the introduced algorithms. In most of the articles, algorithms have

been tested on extremely small datasets like the Wikipedia dataset which

consists of 2866 documents only. After surveying, it has been found that

there is a need to compose large scale multi-modal datasets and especially

in the medical field [165].

4. Confusion in choosing data feature extraction method : Most of the tech-

niques introduced by authors consist of individual feature extraction from

each modality to be used in cross-modal framework design as a first step.

If the initial step is inappropriate then it will affect the implementation of

the whole framework. For instance, the performance of a machine learning

model extremely depends upon the feature representation used for building

a model. This happens because different feature representations hide more

or less diverse descriptive factors of variations behind the data [166]. So, it

is necessary to choose a suitable feature extraction method for each modal-

ity under consideration depending upon the type of data, application, and

cross-modal method.

5. Lack of scalable algorithms : A colossal amount of multi-modal data is being

generated and spread on the internet nowadays due to the availability of fast

networks, mobile devices, and huge storage devices. So, productive cross-

modal methods are needed which can be applied in a distributed environment

as well [167]. Moreover, further research is required for designing efficient

cross-modal algorithms which can be tested on huge multi-modal datasets

[168].

6. Need of novel and diverse fields’ datasets : It has been identified from the

literature that most of the datasets are comprised of images and captions

from social media websites, so their content is quite similar to each other.

There is an immense need for diversity in the data content. Moreover, the

datasets which have been utilized by most of the researchers and are very

popular such as NUS-WIDE, Pascal VOC 2007, and Wikipedia, have become
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too old now. Novel and diverse multi-modal datasets are required to be

introduced.

7. Requirement of semi-supervised cross-modal techniques : Supervised tech-

niques perform better than unsupervised because of the utilization of se-

mantic label information [123]. However, most of the generated multi-media

data is either unlabeled or has noisy annotations. Semi-supervised methods

are getting highly popular now and are the future of cross-modal retrieval

as they are the combination of both supervised and unsupervised and also

provide promising results [54].

2.7 Objectives

The research objectives are as follows:

1. To study, analyze and explore several existing methods available for multi-

modal data fusion and identify important aspects which needs consideration.

2. To propose and implement cross-modal framework to incorporate rich tex-

tual information with images stored in repository to enhance the information

retrieval.

3. To test and validate the proposed framework using quantitative analysis on

various public and primary datasets.
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Chapter 3

Hybrid Self-organizing Map Approach

3.1 Overview

The following points provide the overview of the chapter:

1. The proposed hybrid SOM (HSOM) method integrates the image and text

modalities and ensures an effective cross-modal retrieval process.

2. Two SOMs are trained separately using image and collateral text feature

vectors.

3. The presented HSOM framework is influenced by the working of the brain

as diverse data representations (in the form of two separately trained SOMs)

are combined easily using a Hebbian network.

A concept of information fusion comprising image and text is studied in this

chapter which is inspired by the working of the brain. In the proposed cross-modal

retrieval framework, two Self-Organizing Maps (SOM) are trained independently

for images and collateral text and then fused using the Hebbian network. The in-

troduced algorithm can be applied to construct systems that can learn to integrate

diverse data modalities (images and text in our case). The framework comprises:

(1) a SOM trained to cluster images; (2) another SOM learns the text; and (3)

the Hebbian network links the highly active nodes on image SOM with nodes on

text SOM. The final system after merging both image and text SOM using Heb-

bian network is known as hybrid SOM (HSOM). Figure 3.1 demonstrates the flow

diagram of the proposed cross-modal HSOM framework.

3.2 Modalities’ feature vector creation

Feature vectors have been extracted from each image and text in the dataset as

described in the following subsections. The goal is to utilize the prevalent image

analysis method for creating vectors that can define the diverse and significant

properties of an image such as color, texture, and edges. Zernike moments (ZM)

have been considered here for image vector creation because of their efficacy in

extracting prominent image features [169, 170, 171]. Latent Dirichlet Allocation
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Figure 3.1: Flow diagram of the proposed cross-modal information retrieval system

(LDA) [172] model is utilized for extracting text features due to its prominence in

text analytic area [173, 174]. Along with the combination of ZM and LDA feature

transforms for the modalities’ representation, Scale Invariant Feature Transform

(SIFT) features have also been utilized for visual feature representation accompa-

nied by LDA for text in the experimentation. These features are available with

the dataset and used by numerous researchers for comparison purposes.

3.2.1 Image features

Image features capture shape, color, and texture values based upon the given di-

mension (details) and discontinuities in the image. In this study, Zernike moments

(ZM) have been extracted from images as their features to represent them. Figure

3.2 shows the steps followed by each image for ZM extraction which can distinguish

it from other images in the data. Each image is pre-processed before calculation

of ZM which includes image resizing to 1000 × 1000 size, RGB to grayscale con-

version (if it is not grayscale), and image normalization [175]. The steps followed

for image pre-processing are described as follows:

Image pre-processing

Image pre-processing is a very crucial step of image recognition process as it in-

creases the accuracy and make the proposed technique more efficient. The aim

of pre-processing is to improve the image data, getting better feature extraction,

gaining consistency and also improves some image features important for addi-

tional processing. In this study, three steps are performed under pre-processing
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Figure 3.2: Process followed by each image for ZM extraction

stage: (a) image resizing, (b) conversion of image from RGB to gray scale, and

(c) normalization.

• Resize: The collected images are all of different sizes having different num-

ber of pixels. So, in order to get accurate results, image resizing has an

important role. All the images in the dataset are resized to 1000× 1000 size

which make them square in shape and of same size.

• Conversion: Conversion of images from RGB scale to gray scale is also

necessary as it increases speed of processing, decreases code complexity and

gray images can be easily visualized.

• Normalization: Normalization is vital to ensure that each pixel has a

similar data distribution. It calibrates the diverse pixel intensities into a

normal distribution and makes the computation efficient by updating all

the pixel values between 0 to 1. Let Min and Max are minimum and

maximum intensity values of image and newMin and newMax are the new

intensity values, then the linear normalization (In) of a gray scale image can

be calculated as:

In = (I −Min)
newMax− newMin

Max−Min
+ newMin (3.1)

Zernike Moments (ZM)

Moments are the projections of image functions onto particular kernel functions.

They represent the weighted average of the intensity values of image pixels to
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obtain the scalar quantities for image interpretation. They can be defined in Polar

and Cartesian coordinate system. Gnm(x, y) denotes the basis or kernel function.

With change in kernel functions, different types of moments can be obtained. Now,

these moments are said to be orthogonal if they satisfy the following condition:

∫ 1

0

∫ 1

0

Gnm(x, y)Gst(x, y)dxdy = kδnsδmt (3.2)

here k is a normalization coefficient and δns, δmt represents Kronecker delta which

is expressed as:

δns =


1, n = s

0, otherwise

(3.3)

If the moments do not satisfy above condition in Equation 3.2 then they are called

non-orthogonal. Non-orthogonal moments include complex moments (with kernel

function Gnm(x, y) = (x+ iy)n(x− iy)m), geometric moments (Gnm(x, y) = xnym)

and rotational moments (Gnm(r, θ) = rne−imθ) which are defined in [176, 177].

Non-orthogonal moments face difficulties in image reconstruction due to lack of

orthogonal nature. They are highly noise prone and information redundant. How-

ever, orthogonal moments are rotation, scaling and translation invariant, robust

to image noise and possess minimal information redundancy [178]. Due to these

advantages, they have been used in various digital image processing areas such

as image clustering [179], brain MRI segmentation [180], handwritten numeral

recognition [181], and face recognition [182].

ZM are a type of continuous orthogonal moments. Moments of different order

provide varying information about the image, such as the center of mass, area,

intensity, and orientation. Comparative to other existing orthogonal moments,

ZM are chosen as they provide valuable results in image representation and need

lower computational precision for this task. ZM are devised from complex Zernike

polynomials which were introduced by an optical physicist named Frits Zernike

[183]. These are a series of polynomials defined within a unit circle over the space

of polar coordinates. Fundamentally, ZM are the projections of an image function

along real and imaginary axes (x- and y-axis) which is convolved by an orthogonal

function. Hence, they represent images in different frequency components such as

orders (along radial direction) and repetitions (along angular direction). Figure

3.3 demonstrates the first 27 Zernike polynomials starting from order 1 where

n is order of moment and m is multiplicity. They are vertically ordered as per

radial degree and horizontally according to azimuthal degree. Azimuth is an angle

between a reference vector and the projected vector on the reference plane. In

ZM, an image is mapped onto a unit circular disk such that the center of the
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image is transformed into the center of the disk. This mapping can be performed

in two ways: (1) inner circle mapping (Figure 3.4); and (2) outer circle mapping

(Figure 3.5) [184]. In the former, corner image pixels are excluded while computing

moments which results in information loss and is a drawback especially when

corners are informative. Therefore, a perfect square to circular domain mapping

cannot be obtained and the circular boundary is approximated in a zig-zag pattern

(Figure 3.4(b)). However, the complete image is mapped onto the disk in outer

circle mapping avoiding any information loss. Due to this advantage, outer circle

mapping has been utilized while computing ZM in this study.

Figure 3.3: First 27 Zernike polynomials

According to [185], if f(r, µ) depicts an image function, then the two dimen-

sional ZM with order s and repetition t can be defined in Polar coordinate system

as:

Zst =
s+ 1

π

∫ 2π

0

∫ 1

0

f(r, µ)V ∗st(r, µ)rdrdµ (3.4)

here V ∗st(r, µ) represents the complex conjugate of zernike polynomials depicted

as Vst and is defined as:

Vst(r, µ) = Rst(r)e
itµ (3.5)

which satisfies s ≥ 0, 0 ≤| t |≤ s, s− | t | = even, i =
√
−1 and µ =
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Figure 3.4: Inner circle mapping technique. (a) image mapping onto unit disk;
(b) inscribed disk approximated by square grids

Figure 3.5: Outer circle mapping technique where complete image is mapped
inside the disk

arctan(y/x). (r, µ) are radius and angle of pixel from origin, which means polar

coordinate of a pixel at (x, y). Radial Polynomials are given as:

Rst(r) =

(s−|t|)/2∑
k=0

(−1)k × (s− k)!

k!( s+|t|
2
− k)!( s−|t|

2
− k)!

rs−2k (3.6)

The integrals in Equation 3.4 are replaced by summations for a digital image.

So, Equation 3.4 becomes:

Zst =
s+ 1

π

∑
x

∑
y

f(x, y)V ∗st(x, y)∆x∆y , x2 + y2 ≤ 1 (3.7)

If f(x, y) is a digital image of size N ×N [184], then ZM is given as:

Zst =
s+ 1

π

N−1∑
0

N−1∑
0

f(xi, yi)V
∗
st(xi, yi)∆xi∆yi (3.8)
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With center of pixel (i, j), (xi, yi) are the mapped pixel coordinates that occu-

pies the area of [xi −∆x/2, xi + ∆x/2]× [yj −∆y/2, yj + ∆y/2] and are defined

as equations (3.9) and (3.10):

xi =
2i+ 1−N

D
(3.9)

yj =
2j + 1−N

D
(3.10)

where ∆x and ∆y can be expressed as:

∆xi = ∆yj =
2

D
(3.11)

Using equations (3.9, 3.10) and (3.11), Eq. 3.8 can be written as:

Zst =
4(p+ 1)

πD2

N−1∑
0

N−1∑
0

f(xi, yi)V
∗
st(xi, yi) (3.12)

Here, the value of D should be chosen as per the mapping technique. For inner

circle mapping (Figure 3.4), the value of D will be N , and for outer circle mapping

approach (Figure 3.5), it will be N
√

2. ZM can be calculated using Equation 3.12

by replacing D with N , in case of inner circle mapping. However, in outer circle

mapping that is implemented in the proposed study, ZM can be calculated as:

Zst =
2(p+ 1)

πN2

N−1∑
0

N−1∑
0

f(xi, yi)V
∗
st(xi, yi) (3.13)

Rotation and scale invariance can be obtained in ZM by normalizing the im-

age via Cartesian moments before ZM calculation. Translation invariance can be

obtained if image’s centre of mass is shifted to origin [186]. The obtained number

of moments (NoM) according to given order s can be evaluated as:

NoM =


1
4
(s+ 1)(s+ 3), s = odd

1
4
(s+ 2)2, s = even

(3.14)

Scale invariant feature transform (SIFT)

SIFT features detect and describe the local features of a digital image. They

are proposed by a Canadian computer scientist David G. Lowe. SIFT features

represent an image using an extensive collection of local feature vectors, invariant

to image rotation, scaling, translation, and partially invariant to illumination and
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affine or 3D projection [187]. The primary objective behind introducing SIFT

features was the lack of image features invariant to scaling and sensitivity towards

illumination changes. The idea of SIFT features is inspired by the responses of

neurons in the inferior temporal cortex in primary vision. The effective way of

SIFT feature extraction is cascade filtering method, where the computationally

expensive tasks are only applied at locations that pass an initial exam [188]. The

prominent stages of computing SIFT features of a digital image are defined below:

1. Scale-space extrema detection: The first task in keypoint detection is to

recognize the scales and locations assigned recurrently under different views

of the same object. For detecting locations invariant to scale update of an

image, stable features need to be searched across all potential scales, utilizing

a continuous function of scale called scale-space. The Gaussian function has

been used as a scale-space kernel. Thus, the scale-space of an image I(x, y)

is described as a function L(x, y, σ), which is created from the convolution

of a variable-scale Gaussian, G(x, y, σ):

L(x, y, σ) = G(x, y, σ) ∗ I(x, y) (3.15)

here ’*’ represents the convolution operation in x and y.

G(x, y, σ) =
1

2πσ2
e−(x2+y2)/2σ2

(3.16)

For detection of stable keypoints, scale-space extrema in the difference-of-

Gaussian (DoG) function D(x, y, σ) convolved with the image, has been

employed. It can be evaluated using the difference of two nearby scales

partitioned by a constant multiplicative factor p:

D(x, y, σ) = (G(x, y, pσ)−G(x, y, σ)) ∗ I(x, y)

= L(x, y, pσ)− L(x, y, σ)
(3.17)

Figure 3.6 represents an effective technique for constructing D(x, y, σ). For

each octave of scale-space, the initial image is convolved with Gaussians

recurrently to generate the set of scale-space images as depicted on the

left. Adjacent Gaussian images are subtracted to create the difference-of-

Gaussian images on the right. The Gaussian image is down-sampled by a

factor of 2 after each octave, and the process is repeated. The accuracy of

sampling relative to σ is almost similar to the start of the previous octave,

while the computation is highly reduced. Each sample point is compared to
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Figure 3.6: For each octave of scale-space, the initial image is convolved with
Gaussians recurrently to generate the set of scale-space images as depicted on the
left. Adjacent Gaussian images are subtracted to create the difference-of-Gaussian
images on the right. The Gaussian image is down-sampled by a factor of 2 after
each octave and the process is repeated. [188]

its eight neighbors in the current image and nine neighbors in the above and

below scale to identify the local minima and maxima of D(x, y, σ). This has

been illustrated in Figure 3.7. The sample point is chosen only if it is larger

or smaller than all the neighbors. The cost of checking this is considerably

low because most of the sample points are already eradicated in first few

checks.

2. Keypoint localization: After finding the keypoint candidate, detailed fit is

performed to the nearby data for scale, location, and ratio of principal curva-

tures. It will help in rejection of the points having low contrast (noise sensi-

tive) or the points which are poorly localized along the edge. For finding the

interpolation of each keypoint, the scale-space DoG function D(x, y, σ) can

be expressed in a small 3D neighborhood around a keypoint using second-

order Taylor series:

D(x) = D +
∂DT

∂x
x +

1

2
xT
∂2D

∂x2
x (3.18)
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Figure 3.7: Maxima and minima of the DoG images are identified by comparing
a pixel (marked with X) to its 264 neighbors in 3 × 3 regions at the current and
adjacent scales (marked with circles) [188].

D and its derivatives are calculated at the sample point and x = (x, y, σT )

depicts the offset from this point. To evaluate the extremum x̂ location, take

derivative of this function w.r.t. x and set it to zero, that gives

x̂ = −∂
2D−1

∂x2

∂D

∂x
(3.19)

Add the final offset x̂ to its sample point’s location for retrieving interpolated

estimate for the extremum location. For declining unstable extrema with low

contrast, D(x̂) (function value at the extremum) is used. It can be achieved

by substituting Equation 3.19 into (3.18), that gives:

D(x̂) = D +
1

2

∂DT

∂x
x̂ (3.20)

3. Orientation assignment : Image rotation invariance can be obtained by al-

locating a congruous orientation to each keypoint as per the local image

characteristics, and it represents the keypoint descriptor relative to this ori-

entation. All evaluations can be performed in a scale-invariant way by using

the scale of the keypoint to choose the Gaussian smoothed image L with

the closest scale. For every image sample L(x, y), at this scale, the orien-

tation θ(x, y) and gradient magnitude m(x, y) is predetermined using pixel
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differences:

θ(x, y) = arctan

(
(L(x, y + 1)− L(x, y − 1))

(L(x+ 1, y)− L(x− 1, y))

)
(3.21)

m(x, y) =
√

(L(x+ 1, y)− L(x− 1, y))2 + (L(x, y + 1)− L(x, y − 1))2

(3.22)

The gradient orientations of the sample points within a region around the

keypoint, generates an orientation histogram.

4. Keypoint descriptor : Image location, scale, and orientation can be assigned

to each keypoint by the previous steps. Now a descriptor for the local image

region is determined, that is highly distinguishing and invariant to illumina-

tion and 3D viewpoint changes. The evaluation of the keypoint descriptor

has been demonstrated in Figure 3.8. First step is sampling of the image

gradient magnitudes and orientations around the keypoint location with the

use of scale of keypoint for selecting the Gaussian blur level for the im-

age. The descriptor and gradient orientations’ coordinates are rotated w.r.t.

keypoint orientation, to obtain orientation invariance. The gradients are

predetermined for all levels of the pyramid to enhance efficacy. These are

represented using small arrows at each location of the sample on left side of

Figure 3.8.

Figure 3.8: A keypoint descriptor is created by first computing the gradient mag-
nitude and orientation at each image sample point in a region around the keypoint
location, as shown on the left. These are weighted by a Gaussian window, indi-
cated by the overlaid circle. These samples are then accumulated into orientation
histograms summarizing the contents over 4×4 subregions, as shown on the right,
with the length of each arrow corresponding to the sum of the gradient magnitudes
near that direction within the region. This figure shows a 2 × 2 descriptor array
computed from 8× 8 set of samples. [188]
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A weight is assigned to each sample point magnitude using the Gaussian

weighting function with the value of σ equal half the size of the descriptor

window width. It has been depicted using a circular window in Figure 3.8.

The Gaussian window has been utilized for avoiding the abrupt changes in

the descriptor with a minor change in window position and for giving the

least importance to the gradients which are farther away from the descriptor

center because of misregistration errors often infect these. The keypoint

descriptor displayed on the right side of the Figure 3.8 creates orientation

histograms over 4× 4 sample regions, thus permitting a substantial shift in

gradient positions. Eight directions have been illustrated in the figure for

each orientation histogram. Each arrow’s length depicts the magnitude of

the histogram entry. The descriptor is created using a vector comprising all

orientation histogram entries’ values corresponding to the length of arrows.

Figure 3.8 demonstrates the 2× 2 array of orientation histograms; however,

the 4 × 4 histograms array with 8 orientation bins has been applied in the

experimentation. Hence, this study utilizes a 4 × 4 × 8 = 128 element

feature vector. In the end, the feature vector is updated to lessen the effects

of change in illumination.

3.2.2 Text features

The dataset chosen for experimentation comprises image-text pairs such that for

each image there is a corresponding textual paragraph(s) explaining it. It is nec-

essary to choose the most important words from that text which can uniquely

identify it. Text usually contains words like “a”, “an” and “the” (known as stop

words) in the highest numbers which are inessential for distinguishing a document

from other documents. So, the text is pre-processed before the actual calculation

of features. Latent Dirichlet Allocation (LDA) is one of the famous techniques for

topic modeling which has been utilized here to extract the text features. Figure 3.9

shows the process of text feature matrix creation from a set of XML files. Firstly,

the collateral text is extracted from each XML file and added into a string array.

The collected strings in the array are pre-processed by decoding the HTML enti-

ties and removing tags, URLs, and numbers. Afterward, strings are converted into

tokens and tokenized documents are created. These documents are pre-processed

again which includes lemmatization of tokens, removal of punctuation marks, stop

words and words having length 1 or 2. Then a bag of words is created from these

cleaned documents which is further utilized to extract the LDA features.
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Figure 3.9: Process flow for text feature matrix creation

Latent Dirichlet Allocation (LDA)

Topic Modeling is a prominent technique in text mining and detecting relations

among textual documents [189]. There are various methods for topic modeling,

however, LDA is highly popular. It is a three-level hierarchical Bayesian model

where documents are modeled as random finite mixtures over latent topics and

each topic, in turn, is characterized as a word distribution [172]. A word can

be described as a basic unit of discrete data and an element from vocabulary, a

document refers to a series of R words designated by w = (w1, w2, ..., wR) where

wr is rth word in the sequence, and a group of Q documents indicated by C =

(w1,w2, ...,wQ) is known as a corpus. Figure 3.10 represents LDA as a three-level

probabilistic graphical model where the inner plate signifies the repetitive choice

of topics and words in a document, however, outer plate denotes documents. γ

and δ are parameters at the corpus level that are supposed to be sampled one time

during generation procedure of the corpus. The η symbol represents variables at

the document level that are sampled once in a document, however, z and w signify

variables at the word level that are sampled once in a document for a single word.

Figure 3.10: Graphical model representation of LDA
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The generative procedure followed for each document w in a corpus C in LDA

is given below [172]:

1. Choose R ∼ Poisson(ξ).

2. Choose η ∼ Dir(γ).

3. For each word wr in a document, choose:

(a) a topic zr ∼ Multinomial(η).

(b) a word wr from p(wr|zr, δ), a multinomial probability conditioned on

zr topic.

Few assumptions which are made in the LDA basic model are: (1) dimensionality

of Dirichlet distribution is well known and stable; (2) R is independent of other

data creating variables such as η and z; and (3) the word probabilities are param-

eterized by δ matrix where δij = p(wj = 1|zi = 1), which is treated as a stable

quantity that is to be evaluated.

A k-dimensional Dirichlet random variable η can have values in (k−1)-simplex

(a k-vector η lies in the (k − 1)-simplex if ηi ≥ 0 and
∑k

i=1 ηi = 1) and has the

below probability density on this simplex:

p(η|γ) =
Γ(
∑k

i=1 γi)∏k
i=1 Γ(γi)

ηγ1−1
1 ...ηγk−1

k (3.23)

where γ represents a k-vector with γi > 0 and Γ(x) denotes Gamma function.

Given the parameters γ and δ, the joint distribution of a topic mixture η, a

set of R topics z, and a set of R words w can be defined as:

p(η, z,w|γ, δ) = p(η|γ)
R∏
r=1

p(zr|η)p(wr|zr, δ) (3.24)

here p(zr|η) is ηi for unique i such that zir = 1. Integrating over η and summing

over z, the marginal distribution of a document can be evaluated as follows:

p(w|γ, δ) =

∫
p(η|γ)

(
R∏
r=1

∑
zr

p(zr|η)p(wr|zr, δ)

)
dη (3.25)

Finally, the probability of a corpus can be obtained by taking the product of the

marginal probabilities of single documents:

p(C|γ, δ) =

Q∏
c=1

∫
p(ηc|γ)

(
Rc∏
r=1

∑
zcr

p(zcr|ηc)p(wcr|zcr, δ)

)
dηc (3.26)
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3.3 Proposed technique

3.3.1 Problem formulation

The issue of effective cross-modal retrieval considering image and text has been

addressed which involves reduction in semantic gap between text and image modal-

ity and to make a strong connection among highly related images and texts. We

have a collection of images and the corresponding text in the form of paragraphs.

Each image has a single text file related to it. The objective of the proposed

technique is to retrieve the related texts or images given an image or text instance

respectively. Let D = (Ij, Tj, Lj)
N
j=1 be an image-text dataset, where Ij ∈ RdI

and Tj ∈ RdT depicts the image and text features respectively. There are total

N pairs of instances. (Ij, Tj) depicts an image-text pair with same semantic label

Lj ∈ Rc, where c is the number of classes of semantic concepts present in the data.

As the proposed method is of unsupervised nature, so the labels are not utilized

in the model training, instead they are only utilized while evaluation of perfor-

mance metric for the model. Suppose Dtrain = (Ik, Tk)
N1

k=1 is the training data,

where Ik ∈ RdI and Tk ∈ RdT are respective features of image and text and N1

represents the number of instances used in model training. Image training set is

defined as Itrain = [I1, I2, ..., IN1−1, IN1 ] ∈ RdI×N1 and similarly, text training set as

Ttrain = [T1, T2, ..., TN1−1, TN1 ] ∈ RdT×N1 , dT and dI are the dimensions of text and

image features respectively, where dI 6= dT . Similar to Dtrain, Dtest = (Ik, Tk)
N2

k=1

denotes the test data, where N1 +N2 = N .

3.3.2 Hybrid SOM based cross-modal retrieval

Traditional SOM

It is also popular as Kohonen map after the name of its inventor Teuvo Kohonen

who proposed it in 1982 [190]. The fundamental idea behind SOM is that the sys-

tems can be constructed to imitate the joint collaboration of the brain neurons. It

is a kind of artificial neural network that follows an unsupervised machine learn-

ing approach. SOM maps the multi-dimensional input vectors (xi) to (usually)

a two-dimensional grid of nodes or neurons also known as a map. More similar

inputs are linked with nodes which are closer in the grid, however, the less similar

ones are associated gradually farther away [191]. The crux of traditional SOM is

that each input vector is linked to that node that best matches it or the node that

wins the input (also alluded as Best Matching Unit or BMU) and the subset of

its spatial neighbors in the map will also get modified for better matching. One

node of the map can also win over multiple inputs. SOM helps to recognize the
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high-dimensional data by mapping it into a 2-D map and cluster alike data in

conjunction. A traditional SOM comprises of two layers in which first incorpo-

rates nodes in input space and second constitutes the nodes in output space [192].

Figure 3.11 shows a representation of traditional SOM where an input vector from

multi-dimensional space is mapped to all the neurons of the output layer of SOM

but only one neuron has won over that input based upon the weight of the con-

nection link and that neuron is also known as BMU [3]. Based upon the BMU,

the weights of the neighboring neurons are also modified.

Figure 3.11: Representation of traditional SOM [3]

Table 3.1: Notations used in SOM learning algorithm

Notation Definition

i random input vector index

j random weight vector index

xi input vector

wj weight vector of a SOM node

c BMU index

wc BMU weight vector

t index of time

α(t) learning weight factor

ncj(t) neighboring function

Nc(t) neighborhood
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Table 3.1 presents the variable notations and definitions which are being uti-

lized in SOM learning algorithm. The procedure followed in traditional SOM

learning is as follows [192]:

1. Initialization: Start with the initial values of weight vectors. Initially, each

value of wj can be picked randomly or linearly and later they will keep on

adjusting with network learning process.

2. Sampling : Randomly select an input vector xi from the training high-

dimensional input space.

3. Finding BMU : Deduce the best matching unit (BMU). After comparing xi

with all the weight vectors of SOM nodes, a BMU is found lying at index c

which is closest to xi as per the Euclidean distance.

‖xi − wc‖ = min
k
‖xi − wk‖ (3.27)

4. Updation: Update the BMU and its neighboring nodes. Winning node

weight vector and weight vectors of its neighbors are updated as per the

following equation.

wj(t+ 1) = wj(t) + ∆wj(t) (3.28)

where t = 0, 1, 2, ... depicts an index of time. The value of ∆wj(t) is evaluated

as per the following equation.

∆wj(t) = α(t)ncj(t)(xi(t)− wj(t)) (3.29)

where α(t) ∈ [0, 1] denotes the learning rate factor and will be decreasing

monotonically while SOM learning phase. ncj(t) represents the neighboring

function and finds the distance between nodes at indices j and c in the

output layer grid. An extensively utilized neighborhood kernel is defined in

terms of Gaussian function as:

ncj(t) = exp

(
−‖rc − rj‖

2

2σ2(t)

)
, (3.30)

here rj and rc denotes the position vectors of nodes at index j and c. The

parameter σ(t) expresses the width of the kernel which corresponds to the

neighborhood Nc(t) radius. Nc(t) corresponds to the neighborhood set of

array points around BMU (Figure 3.11). The neighborhood function ncj(t)

value reduces while learning, from an initial value often equivalent to the
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dimension of the output grid to a value equal to one.

Steps from 2 to 4 are repeated for a number of consecutive iterations during

SOM learning until the weight vectors in the output layer of map represent

the input patterns of high dimensional space which are closer to the map

nodes, as much as possible. After initialization step, SOM learning can hap-

pen in a batch or sequential way. Both are almost similar with one difference

that in sequential training, one data vector is send to the map at a time for

weight adjustment rather than sending all data vectors simultaneously. Af-

ter SOM training completion, each input vector is mapped to one neuron

of the grid. The map size is chosen as per application. Bigger map size

exposes information in detail, however, smaller map size is chosen to assure

the generalization capability.

Hybrid SOM (HSOM)

In the hybrid method, two SOMs have been introduced. One SOM is dedicated

to the clustering of images and another SOM is for clustering of collateral text.

Each of the SOM recognizes the patterns present in the respective modalities.

These two SOMs are connected to each other using a third network known as the

Hebbian network which connects each node in image SOM with every node in the

text SOM. Hebbian network works on the principle of Hebb’s learning rule [193].

This rule is inspired by biological systems and it says that the connection between

two neurons might be strengthened if they fire together. The rule states that how

much the weight of a linkage between two units should be increased or decreased

in proportion to the product of their activation (Eq. 3.31).

∆wij = α× xi × yj (3.31)

where wij is the weight of the link between ith source unit and jth destination unit,

x and y represents the activities of the units. The new weight can be evaluated

as (Eq. 3.32):

wij(n) = wij(n− 1) + ∆wij (3.32)

Figure 3.12: Architecture of two SOMs (image and text) connected using Hebbian
network
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Figure 3.13: Handling of a test query. The dark portion of the figure depicts
the procedure followed by an image query. Both image and text modalities are
retrieved in the end.

Nodes in the two SOMs that are concurrently most active while training are

associated via the Hebbian network. The purpose of utilizing the Hebbian network

is to boost the connections between the two SOMs when the corresponding neurons

in them activate in response to an input image and its collateral text respectively.

The strength of the connection between the winning node in image SOM and

between all nodes in text SOM is weighted by the activation of the connecting

Hebbian node. Figure 3.12 presents the two SOMs associated with each other

using the Hebbian network. If the size of image SOM is m × n and text SOM is

p× q, then the size of the Hebbian network would be m× n× p× q.

For the implementation of the proposed technique, features are extracted from

the available images and corresponding text as mentioned above. Two separate

SOMs netI and netT of dimension 4 × 4 are trained for images and texts respec-

tively and the node numbers are also retrieved corresponding to each instance

which are saved in classesI and classesT matrices correspondingly. The trained

SOM node weights nodeWeightsI and nodeWeightsT for both image and text

SOM are fetched for further experiments. The matrices winnersMatrixI and

winnersMatrixT represent the weight vector of the winner node corresponding to

each image and text input instance. Afterward, Euclidean distance is calculated

between each input instance vector and the corresponding winner node weight

vector, and the results are saved in whebbI and whebbT which are one-dimensional

matrices. Now the Hebbian network is trained using Equation 3.33 and the Heb-
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Figure 3.14: Process flow of image and text training for the proposed hybrid
cross-modal retrieval system

bian link weights (depicted by hebbLink matrix) keep on updating for each input

instance during the training process. The Hebbian network is associating each

netI node with the netT node but the strength of the bond is determined by the

link weight. The size of the matrix hebbLink is 16× 16.

hebbLink(classesI(i), classesT (i))+ = LR ∗ whebbI(i) ∗ whebbT (i) (3.33)

where 1 ≤ i ≤ length(classesI) and LR signifies learning rate whose value is 0.1.

After the creation of the Hebbian network, two vectors AnetI and AnetT of size

16 are created such that AnetI will have the node numbers of netT having the

highest Hebbian link weight where each index of the AnetI vector represent the

node number in netI . Similarly, AnetT has the node numbers of netI . For testing

the model with new image and text instances after training, the test instance is

clustered in the appropriate respective SOM node. Then the corresponding linked

node in the other SOM is found and the results from both the nodes are retrieved.

Thus, both image and text modality results can be retrieved using a query of

any modality (image or text). The procedure of handling a test query can be
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easily visualized in Figure 3.13 in which the dark portion is depicting a testing

instance using an image query. The process followed in case of textual query is

also similar to this one. The algorithms (1,2) present all the steps followed for the

implementation of the proposed technique. Figure 3.14 demonstrates the abstract

process flow of the proposed HSOM cross-modal retrieval system starting from

the raw image and text data till the final trained system.

Algorithm 1 Algorithm of HSOM technique exploiting Hebbian rule for cross-
modal retrieval

INPUT: Dtrain and Dtest

OUTPUT: Trained netI and netT SOMs, retrieval of matched images and text corresponding to text and
images in Dtest

1: procedure Image feature extraction
2: Input all images
3: Resize the images to 1000× 1000
4: Convert each RGB image to gray scale
5: Normalize the images
6: Extract the Zernike moments at order 5
7: end procedure
8: procedure Text feature extraction
9: Input all XML text files
10: Extract the text part from each XML file
11: Decode HTML entities, remove tags, URLs and numbers from each text
12: cleanedDocuments← tokenizedDocument(text) . Create tokenized documents from the text
13: Perform lemmatization
14: Remove punctuation marks, stop words and words with length ≤ 2
15: cleanedBag ← bagOfWords(cleanedDocuments) . Create a bag-of-words from cleaned documents
16: Find appropriate no. of topics for LDA using perplexity analysis
17: Extract the LDA features.
18: end procedure
19: procedure HSOM based cross-modal retrieval
20: Load Dtrain and Dtest

21: dimension1← 4, dimension2← 4 . Dimensions of both image and text SOM
22: netI ← selforgmap([dimension1dimension2], 200) . Configure image SOM
23: netT ← selforgmap([dimension1dimension2], 200) . Configure text SOM
24: netI ← train(netI , Itrain), netT ← train(netT , Ttrain) . Training of maps
25: classesI ← vec2ind(netI(Itrain)), classesT ← vec2ind(netT (Ttrain)) . Retrieving node number for

each input instance
26: for i← 1 to length(classesI) do . Winner node weight matrix corresponding to image input instances
27: winnerI ← classesI(i)
28: winnersMatrixI(:, i)← nodeWeightsI(winnerI , :)

′

29: end for
30: for i← 1 to length(classesT ) do . Winner node weight matrix corresponding to text input instances
31: winnerT ← classesT (i)
32: winnersMatrixT (:, i)← nodeWeightsT (winnerT , :)

′

33: end for
34: for i← 1 to length(classesI) do . Euclindean distance calculation
35: for j ← 1 to imageV ectorDimension do
36: whebbI(i)← whebbI(i) + (winnersMatrixI(j, i)− inputI(j, i))2

37: end for
38: for j ← 1 to textV ectorDimension do
39: whebbT (i)← whebbT (i) + (winnersMatrixT (j, i)− inputT (j, i))2

40: end for
41: whebbI(i)← sqrt(whebbI(i))
42: whebbT (i)← sqrt(whebbT (i))
43: end for
44: for i← 1 to length(classesI) do
45: Train the Hebbian network using Equation 3.33
46: end for
47: Follow Algorithm 2 for creation of AnetI and AnetT
48: Cluster Ik ∈ netI and Tk ∈ netT where (Ik, Tk) ∈ Dtest and k ∈ [1, N2]
49: Refer AnetI and AnetT to find the corresponding Hebbian link node
50: Retrieve results from the found node
51: end procedure
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Algorithm 2 Algorithm for creation of AnetI and AnetT vectors
INPUT: Trained Hebbian Network
OUTPUT: Two 1-D vectors AnetI and AnetT of size 16 each

1: procedure Creation of AnetI
2: netISize, netTSize← dimension1× dimension2 . Size of image and text net

(netI , netT ) in Hebbian network
3: for i← 1 to netISize do
4: maxtemp← 0, maxindex← −1 . Initializing the temporary variables
5: for j ← 1 to netTSize do
6: if hebbLink(i, j) > maxtemp then . Checking for the maximum

hebbLink weight
7: maxtemp = hebbLink(i, j)
8: maxindex = j
9: end if
10: end for
11: AnetI(i) = maxindex
12: end for
13: end procedure
14: procedure Creation of AnetT
15: for i← 1 to netTSize do
16: maxtemp← 0, maxindex← −1 . Initializing the temporary variables
17: for j ← 1 to netISize do
18: if hebbLink(j, i) > maxtemp then . Checking for the maximum

hebbLink weight
19: maxtemp = hebbLink(j, i)
20: maxindex = j
21: end if
22: end for
23: AnetT (i) = maxindex
24: end for
25: end procedure

3.4 Conclusion

This chapter introduced new ways of intelligently training neural computing sys-

tems and querying them using images or text to retrieve matched texts or images

respectively. The visual features extracted from images are Zernike moments that

have almost no redundancy. LDA features are considered as the linguistic fea-

tures for the text. Two unsupervised traditional self-organizing feature maps are

trained simultaneously but separately for images and collateral text respectively.

A Hebbian link is set up between the most active nodes in the two SOMs. This

is the basis of our claim that we use multi-modal features for training neural net-

works and also establish cross-modal links between the two maps using a Hebbian

network while the training process. In reality, getting a labeled data is quite

difficult, so the proposed framework will work effectively in that case as it is of

unsupervised nature and thus does not require any data labeling.
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Chapter 4

Image Clustering using WT, ZM, and SOM

4.1 Overview

The outline of the chapter is mentioned in the following points:

1. A novel algorithm for medical image clustering has been proposed which is

based on unsupervised neural classifier systems.

2. The characteristic visual features are obtained from the images using Wavelet

Transforms (WT), Zernike Moments (ZM), and Kohonen self-organizing fea-

ture map algorithm has been applied for clustering.

3. The proposed image clustering approach has been applied to the real capsule

endoscopy images obtained from a known gastroenterologist and data dis-

tribution has been carefully studied using PCA and LDA plots to motivate

the application of advanced machine learning techniques.

4. Performance analysis of the proof-of-concept model has been compared with

both traditional and contemporary methods to support the belief.

4.2 Proposed scheme

Automatic image analysis and segmentation is a skilled task carried out by experi-

enced professionals. Features in an image are used to decompose and analyze the

underlying anatomy by defining a mechanical and systematic procedure. Given

the explosive growth of visual information, partly due to the expansion of the Web

and partly due to the introduction of sophisticated and inexpensive image capture

systems, there is an urgent need to develop programs that can learn to segment

and annotate. Automatic segmentation and annotation systems are among the

critical areas of research and development for the next decade and beyond, and

machine learning will be a vital technology in developing such systems [194, 195].

Self-organizing maps (SOM) incorporated with extended fuzzy c-means clustering

have been a popular method for image segmentation as studied in [196]. It has

used a discrete wavelet transform for image description for edges and lines involved

in contrast variation.
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The objective of the proposed study in this chapter is to analyze, segment,

and cluster the endoscopy images such that the trained system can be helpful for

gastroenterologists in problem diagnosis of the gastrointestinal tract. The moti-

vation behind the current problem selection is its complexity in terms of image

feature distribution. An example of in-vivo gastral images has been shown in Fig-

ure 4.1 in which an image has been analyzed using two segmentation algorithms:

(a) Region Growing (It has been applied in [197] to segment 2D microscopy digital

images of freshwater green microalgae. In this approach, the image is segmented

into multiple disjoint regions (sub-regions), and then they are merged with their

nearest neighboring seeded region (to grow regions) that satisfies a predefined ho-

mogeneity criterion.); and (b) 2D Otsu algorithm [198] (which employs the gray

level information of each pixel and its spatial correlation information within the

neighborhood). The algorithm has failed to capture the region of interest in both

the cases, which is bleeding and not the dark spot.

It can be observed that it is pretty challenging to accurately segment blood

due to the obscure nature of the color distribution and irregular region boundary.

The red and green boundaries have captured the wrong dark region instead of the

red spot ROI (region of interest). Moreover, the underlying images are dynamic,

involving continuous movements of the camera in the drifting capsule, body or-

gans, insufficient light conditions to capture texture at the region of interest, and

varying luminance and noise due to food particles and body fluid. In addition,

complementary metal-oxide semiconductor (CMOS) image sensors involve noise,

high compression ratio, and low resolution of 256×256. If a segmentation method

can enhance the classification accuracy in this confounding case, then inherently,

it would also contribute to other applications of image processing. This is the rea-

son for the underlying case study about image segmentation for gastral images.

Challenges involved in image retrieval have been discussed in Table 4.1.

We have used wavelet resolution which helps to remove noise and makes images

scale invariant. Zernike moments have been used for image vectorization and self-

organizing maps based on unsupervised learning is used to cluster images for sick

and healthy classes.

4.2.1 Background

This section summarizes the miscellaneous works by various researchers related to

the proposed work. Muhammad et al. studied a comprehensive survey of com-

puter vision techniques for wireless capsule endoscopy (WCE) [199]. Information

regarding various publicly available datasets of WCE has also been provided along

with challenges and future scope. A survey has been presented in [200] for includ-
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Figure 4.1: (a) Original gastral image, (b) Region growing segmentation [197], and
(c) 2D Otsu segmentation algorithm [198]. The red and green boundaries have
captured the wrong (dark) spot instead of red region of interest (ROI) showing
that problem is complex for image segmentation.

Table 4.1: Summary of challenges of image representation and learning

Challenge Elaboration

Image invariance Yields same image, when rotated, scaled or moved.

Noise The ’lens’ of the camera is never perfect; surrounding
environment may contribute to the noise, noise could be
Gaussian or distributed differently.

Representation In terms of the optical properties of the (individual) pix-
els of an image – mean intensity, x-tilt, y-tilt, focus astig-
matism @ 0 degree & focus astigmatism @ 45 degrees,
coma & x-tilt, coma & y-tilt, spherical & focus.

Learning For recognizing the contents of a new image having ”see”
similar images before.

ing deep learning to automate the process of WCE examination. Deep learning

applications for WCE such as detecting polyps, bleeding, ulcers, hookworm, and

celiac disease are discussed. A computer-aided diagnosis technique has been pro-

posed in [201] for identifying and categorizing the abnormalities in vision-centered

endoscopy detection. A novel deep sparse SVM feature selection model with group
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sparsity has also been incorporated, which assigns an appropriate weight to the

feature dimensions and also removes the inadequate features from the feature

pool. Radhika et al. have utilized Zernike moments (ZM) to authenticate online

signatures, and ZM represents the shape of the acceleration plot [202].

A novel recurrent framework has been proposed in [203] for joint unsupervised

learning of deep representations and image clusters. The sequential tasks in the

clustering algorithm are expressed as steps in the recurrent process, stacked on top

of convolutional neural network (CNN) representations output. The research is

inspired by the fact that good representation benefits image clustering, and clus-

tering output gives supervisory indications to representation learning. Zhu et al.

have proposed a Nonlinear Subspace Clustering (NSC) technique for image clus-

tering that exposes the multi-cluster nonlinear structure of data instances using a

nonlinear neural network [204]. The technique introduced in [205] quantifies the

clusterability of a dataset and is based on the probability density of a measure (S)

of clusterability (in 1D) of projection of data onto a random line. After comparing

the clusterability of image datasets with synthetically created clusters, it has been

inferred that the structures we discover in image datasets do not fit the notion of

clusters in the traditional sense. Moreover, the authors introduced a fast approach

to hierarchically clustering high-dimensional data. Chang et al. have proposed a

Deep Adaptive Clustering (DAC) approach to represent the clustering problem as

a binary pairwise classification framework for identifying whether pairs of images

belong to the same cluster [206]. The cosine distance metric has been utilized for

calculating the similarities between label features of images produced by a deep

convolutional network.

A novel technique, Robust learning for Unsupervised Clustering (RUC), has

been introduced in [207] that is motivated by robust learning and overcomes the

issues of faulty predictions and overconfident results in the case of unsupervised

image clustering. This approach utilizes the pseudo-labels of existing image clus-

tering models as noisy data that may comprise misclassified instances. Ren et al.

have proposed a two-stage deep density-based image clustering (DDC) framework

to address the issue of selecting an appropriate number of clusters in advance [208].

A pseudo-supervised joint approach has been proposed in [209] for image cluster-

ing, named Discriminative Pseudo Supervision Clustering (DPSC). Authors have

resolved two significant issues in image clustering problems: appropriate image

representation and lack of supervision. The main idea is to determine and use the

pseudo supervision information for providing supervisory guidance for discrimina-

tive representation learning.

An improved version of ZM has been introduced in [210], which has been

utilized for face recognition. In addition to the basic orthogonal and intrinsic
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characteristics, this version is also invariant to noise, illumination, translation, in-

plane rotation, and scaling. A hybrid similarity measure has also been proposed in

this by integrating Jaccard similarity with L1 distance. Fractional-order Zernike

moments, an improved version of ZM, have been presented in [175] for analyzing

the grape leaf images. Multi support vector machine classifier is utilized to classify

grape leaf diseases. Daubechies complex wavelet transform (DCxWT) and ZM

have been used in combination for image representation in [211]. The multi-

class support vector machine is used for object classification. To denoise image

sequences using nonlocal means extended by ZMs, is proposed by [212]. It is

found to be faster due to a reduction in weight computations, and block matching

has been discounted. Similarity distance is found using photometric distance in

consecutive images.

A local ZM based spatio-temporal feature is proposed in [213] in the spatial

domain exploiting motion change frequency for recognizing facial expressions. In

Yang et al. performed a study of modified principal component analysis to extract

image features from the ORL face database and has been named image projec-

tion PCA (IMPCA) [214]. Sparse coded features are introduced for identifying

bleeding in wireless capsule endoscopy images in [215]. These features are ob-

tained after computing Scale-Invariant Feature Transform (SIFT) and uniform

Local Binary Pattern features for WCE images. SVM is utilized for classifying

the images. In Gupta et al. have proposed an automated system for detecting

focal electroencephalogram (EEG) signals by using differencing and flexible ana-

lytic wavelet transform (FAWT) techniques [216]. K-nearest neighbor and least

squares support vector machine are applied as classifiers for automatic diagnosis.

Table 4.2: Summary of literature survey: pre-processing and noise removal, image
representation, and learning

Sr Method Purpose Outcome Study

Pre-processing and noise removal

1 DCxWT, ZM and

multiclass SVM

Object classification Better precision and accu-

racy values

Khare 2021

[211]

2 Nonlocal means ex-

tended by ZMs

Faster computation Denoising and faster com-

putation

Singh 2017

[212]

3 Differencing and

FAWT

Automatic detection of

focal EEG signals

94.41% accuracy Gupta 2017

[216]

4 Riesz wavelets image retrieval for a he-

mangioma, liver lesions

NDCG score = 0.92, AUC

= 0.77

Kurtz 2014

[217]

Image representation

5 Zernike moments Online signature authen-

tication

4% of False Rejection Rate,

2% of False Acceptance

Rate

Radhika

2011 [202]
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6 Local modified

Zernike moment

per unit mass

Face recognition Higher recognition accura-

cies on two datasets

Kar 2020

[210]

7 Deep sparse SVM Computer aided en-

doscopy diagnosis

New endoscopy dataset,

Computation reduction

and improved robustness

Cong 2015

[201]

8 Image principal

component analysis

To analyse IMPCA is

better than PCA, FDA

Better accuracy and re-

duced time

Yang 2002

[214]

Learning

9 Local ZM, SVM Facial expression recogni-

tion

Improved recognition rate Fan 2017

[213]

10 Survey of computer

vision methods for

WCE

Determining major chal-

lenges of WCE and future

scope

Comparative analysis Muhammad

2020 [199]

11 Survey of deep

learning for WCE

Systematic review and

meta-analysis of deep

learning methods for

WCE

Comparative analysis Soffer 2020

[200]

12 Sparse coded fea-

tures, SVM

Detect bleeding in WCE accuracy = 98.18% Patel 2021

[215]

13 DWT, Invariant

moments, ANN,

KNN

veterinary field, sperma-

tozoa healthy or sick

accuracy = 95% Alegre 2012

[218]

14 Local spatial fea-

tures, Rayleigh

PDF model

Automatic bleeding de-

tection in WCE images

Improved performance with

less complexity

Kundu

2019 [219]

15 Stacked sparse au-

toencoder with im-

age manifold con-

straint

polyp recognition Overall accuracy = 98% Yuan 2017

[220]

Alegre et al. predicted an automatic quality assessment of sperm quality (dam-

aged or intact) using ANN and KNN [218]. Co-occurrence matrix and discrete

wavelet transforms have been calculated from the underlying images for texture

features and have been found to outperform moment-based descriptors in the

study. A probability density function (PDF) based approach has been proposed

in [219] for automatic detection of bleeding in WCE images. After determining the

pixels of interest, local spatial features are extracted from the images by employing

a linear separation scheme.

Kurtz et al. studied an image retrieval system based upon semantic features

[217]. It uses ontological terms to define the image using multi-scale Reisz wavelets

to analyze their annotation similarity. Liver lesions in CT images have been exper-

imented with to validate the proof-of-concept. Normalized discounted cumulative

gain (NDCG) score and AUC have been calculated and compared for the real-time
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decision-making capabilities of the model. For the robust representation of WCE

images, the study given in [220] provides the assistance and discriminated defini-

tion for polyp images using a deep learning technique utilizing sparse auto-encoder.

It uses a nearest neighbor graph to define inherent image manifold characteristics.

A summary of the motivational literature review has been given in Table 4.2.

4.3 Image feature vectors

Image features involve color, texture, and shape metrics based upon the contrast-

related discontinuities in the image. For this study, Wavelet Transforms [221] and

Zernike moments [222] together have been used due to their efficiency and power

to capture the inherent characteristics.

4.3.1 Wavelet transforms (WT)

These mathematical functions divide a signal (image) into different frequency com-

ponents. The goal is to study each component with a resolution with a matching

scale. WT is better than Fourier Transforms (FT) or Short-Time Fourier Trans-

form (STFT), which cannot analyze both frequency and time components [223].

Wavelet transform is composed of wavelet function w(.), defined in finite time and

normalized. The formula for WT is:

Wf(µ,σ) =

∫ ∞
−∞

f(x)
1√
σ
w

(
x− µ
σ

)
dx (4.1)

where (µ, σ) are translation and scaling parameters, respectively. To see lower

frequency components of the signal, increase the value of σ for instance. Some

prominent mother wavelets have been shown in Figure 4.2. In our study, Daubechies

4 wavelet has been used (details in [224]). Spatial information comprises the im-

age pixel positions (x, y) that act as the time axis and changes in pixel intensity

f(x, y) that serve as the frequency axis. Thus, edges have a higher frequency as

compared to smooth areas. For Discrete WT (DWT), an image is decomposed into

four components: approximation, horizontal, vertical, and diagonal. As shown in

Figure 4.3, the image is decomposed into one level in (4.3a) and two levels in

(4.3b) with high/low pass filters and down sampling the signal (image).

In our study, the image has been decomposed on three levels using WT, as

shown in Figure 4.4. It explains about horizontal, vertical and diagonal edges

being detected in the original image. Ten components have been calculated as

{(Hi, Vi, Di, Ai) | i = 1, 2, 3 for H,V,D and i = 4 for A}. In expanded form,

we get H1, V1, D1, H2, V2, D2, H3, V3, D3, and A3. Then for these 10 components,
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Figure 4.2: A few popular mother wavelet functions w(.). Daubechies 4 wavelet
have been utilized in the experimentation.

Figure 4.3: Image decomposition using DWT. HPF – High Pass Filter, LPF – Low
Pass Filter, DS – Down Sampling, (a) Image decomposition into HH1, HL1, LH1,
LL1 into two dimensions; (b) Next level 2 analysis (2-L 2-D) with DWT sub-band
[225].

12 Zernike moments have been calculated for n = m = 5 which are listed as

Z00, Z11, Z20, Z22, Z31, Z33, Z40, Z42, Z44, Z51, Z53, and Z55 or in the set notation

{Zij | i ≥ j and i − |j| is even}. After compiling all that information from LUV

channels, the image feature vector has 12 × 3 = 36 dimensions. For example,

Figure 4.5 shows the results from a sample picture’s approximation, horizontal,

vertical, and diagonal edge detection decompositions.

Wavelet Transformation (WT) is quite useful for noise removal, image com-

pression [221], and zooming capabilities for local characteristics of an image. It is

also an efficient technique for texture characterization while preserving local and
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Figure 4.4: Daubechies wavelet transformations are used in the experiments.
a, v, h, d stands for approximation, vertical, horizontal, and diagonal details.
Diagonal (low/low), horizontal (high/low), vertical (low/high), approximation
(high/high).

Figure 4.5: The four decompositions explained with example: approximation,
horizontal, vertical, and diagonal details to detect the corresponding edges. Figure
(a) is original image, (b) is the view of four decompositions, and (c) is denoised
image.

global spatial/spectral information. For instance, the noise removal feature of WT

is shown in Figure 4.5 with four decompositions levels, and image denoising has

been illustrated in Figure 4.6 for an image with a considerable amount of Gaussian

91



noise.

Figure 4.6: (a) Noisy image and (b) denoised image with Daubechies wavelets
(DB-4).

4.3.2 Zernike moments (ZM)

Image moments are the weighted average of the intensity values of the image pixel

(or a similar image function) to get the scalar quantities for image interpretation.

Moments of different order yield varying information about the image, such as

area, center of mass, and orientation. Zernike Moments (ZM) [169] of an image

are similar to Discrete Cosine Transform (DCT) coefficients in their derivation and

properties. ZM are projections of an image function along the real and imaginary

axes (x-axis and y-axis), which are convolved by an orthogonal function. They

represent an image in various frequency components which are referred to as the

orders (along the radial) and repetitions (along the angular direction). Thus,

Z00 represents the average intensity, Z11 represents the first-order moment, Z20 is

similar to variance, and so on. Zernike polynomials are orthogonal functions that

generate an orthogonal set over the unit circle in a complex plane. The center of

the image stays the same as the center of the circle. Hence, a square image can be

mapped inside or outside an image [184]. In the case of inner mapping, the pixels

which fall outside the unit disc must be discarded. So, to avoid the information

loss from the edges, we have utilized outer mapping for our experimentation. The

detailed description and formulae for ZM are mentioned in chapter (3).

4.4 Self organizing map

Our method involves definitions for creating a set that associates the most active

neuron for the set of the output layer of SOM, with a set of input vectors presented

to the input layer of SOM as defined in equations (4.4 and 4.5). It applies to a
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single SOM or can be extended as the collateral SOM for hybrid SOMs. Follow

Algorithm 3 for creating single modal information systems for image clustering.

Algorithm 3 Algorithm for retrieving information from a single SOM

1: Identify the best match node ~wk.
2: Form a totally ordered set of the n nodes in the SOM, such that:

(W,≤) =

 ~wk, k = 1..n | ~wi ≤ ~wj ⇔

‖~xk − ~wi‖ ≤ ‖~xk − ~wj‖

 (4.2)

where ~wi, ~wj ∈ W, 1 ≤ i, j ≤ n and i 6= j
3: Retrieve a totally ordered set R, of all p pre-stored items used in training, in

response to the input vector ~x

Rsingle = {~xl, l = 1..p | ∃ ~wk ∈ W : (~xl, ~wk) ∈ Psingle} (4.3)

A Self-organizing Map (SOM) [191], also called a Kohonen Map, associates

a multidimensional input space, comprising a set of feature vectors, onto a 2-

dimensional surface (output map). The end of training leads to an association

between an input vector ~x and a specific output node that ’wins’ the input, known

as the Best Matching Unit (BMU) for that input vector. If ~w represents the weight

vector of an output node, then BMU for input vector ~x can be calculated as:

‖~x− ~wm‖ = min{‖~x− ~wm‖} (4.4)

where m depicts the index of SOM output node which is a BMU. One node may

’win’ over more than one input forming a set. Let Psingle be the pair set of q input

vectors and the corresponding winning node is ~wm, then Psingle is defined as:

Psingle =


(~xk, ~wm), k = 1..q

‖~xk − ~wm‖ =
n

min
i=1
{‖~xk − ~wi‖}

 (4.5)

Information retrieval from a SOM involves the presentation to the trained SOM

of a set W . The mapping of the input vector from higher dimensional nodes in the

output layer forming a space to the winning node in 2-D neuron space has shown

in Figure 4.7. The length of input vector Xi and neuron weight vector Wi must

be the same. The retrieving information from a SOM has been depicted in the

Algorithm 3. The following section explains image vector creation using Zernike

Moments and Wavelet transformation for denoising.

During the initial stages of the SOM training, the weight vectors are initialized

with random weights and then, together with the input vectors, are normalized.
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Figure 4.7: Overview of single self-organizing map (SOM) model. Xi are input
vectors with same length as weight vectors Wi. Each Xi is connected to every
(winning) neuron.

The learning and neighborhood rates are reduced exponentially during training

following established practice in the SOM literature. Our testing regimen relies on

the notion of best matching unit(s): the node(s) in the output layer that responds

with the highest activation value to a given input vector. Note that if one or

more neurons can be activated in response to the input vector, then the activated

neurons are ordered according to their activation levels (algo 3). If the category

of the input vector matches the most activated neuron in the output layer, then

we have a best-matching unit (BMU). If there are multiple activated nodes for a

specific input then we are considering the two highly activated nodes only.

A matching matrix was created to analyze how an input vector may activate

neurons that were trained to respond to one or more categories of keywords or

images. If the winner or BMU in the output layer has the same category as

the stimulus, and the stimulus did not excite any other neurons, then the match

will be perfect. However, if a given stimulus activates neurons of various other

categories, the match will be minimal. We define accuracy as the number of

correctly clustered items (based upon the majority of similar items in the cluster

as the test instance) divided by the total number of items in the category.
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4.5 Proposed clustering technique

The proposed research aims to effectively cluster the in-vivo gastrointestinal im-

ages based upon their similarity by carefully considering the image semantics. Let

I be the training set of images that is an input to the proposed algorithm. The

expected output is the trained self-organizing map and the image cluster sets (Ci)

constructed as per the image similarity. The first step is to denoise the images

using Daubechies wavelets with four decomposition levels: approximation, hori-

zontal, vertical, and diagonal. The next step is the conversion of RGB to LUV

channels. Wavelet transforms implementation details are given in Section 4.3.1.

Subsequently, 12 Zernike moments are calculated for each of the L, U, and V chan-

nel with n = m = 5, creating a total of 12× 3 = 36 image vector dimensions. The

ZM calculation steps and equations are mentioned in detail in Section 4.3.2. In the

end, 4× 4 SOM is trained using image vectors and constructs the image clusters.

Algorithm 4 shows the steps for segmentation and clustering of the images using

SOM.

Algorithm 4 SOM image clustering algorithm

INPUT: Training set of images I
OUTPUT: Image cluster sets (Ci where i = number of SOM clusters and

Ci ⊆ I)

1: procedure SOM training for endoscopy images
2: Image denoising - Daubechies wavelets (DB−4) using four decomposition

levels (a, v, h, d)
3: RGB to LUV transformation
4: Calculate ZM for each of L, U, and V channels with n=m=5

(i) Calculate radial polynomial Rst(r) using eq. 3.6

(ii) Vst(x, y) = Rst(r)e
itµ

(iii) Zstx and Zsty are real and imaginary values of Zst

(iv) Zst =
√
Z2
stx + Z2

sty

(v) Calculate 12 Zst for each L, U, and V channel, so total 36 elements in
image vector

5: Train SOM with 4× 4 grid size using the obtained image vectors
6: Required image clusters (Ci) are obtained after SOM training
7: end procedure

Figure 4.8 is the pictorial representation of all the steps involved in implement-

ing the proposed approach. Initially, we have a set of 300 raw endoscopy images.

The images are pre-processed and the region of interest is identified. Afterward,

the denoising of the images is performed using wavelet transforms and the RGB

images are converted to LUV format. Subsequently, ZM features are extracted
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Figure 4.8: Pipeline diagram for the proposed methodology

from the images, which are rotation, scaling, and translation invariant. The unsu-

pervised self-organizing map is trained using the extracted image features, and the

image clusters are formed based on the similarity. Now the trained system can be

utilized by gastroenterologists for screening and diagnosis purposes for endoscopy

images.

4.6 Conclusion

This chapter introduced new ways of intelligently segmenting and analyzing im-

age collections by training neural computing systems with images having obscure
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color and texture contrasts. The characteristic visual features of the image collec-

tion are derived from Wavelet Transforms and Zernike Moments. The images are

categorized using an unsupervised clustering algorithm – Kohonen self-organizing

feature maps. The proposed system can classify sick and healthy in-vivo images

effectively without the labeled data, which is hard to get in reality, specifically

medical data. It is often expensive to manually label the data by an expert in

the related field. The system is beneficial in clustering vague color distribution,

asymmetrical region boundary, and noisy image data. It is rotation, scaling, and

translation invariant due to the use of ZM for image representation.

97



98



Chapter 5

Cross-modal Retrieval using Oja Rule

5.1 Overview

The following points give the chapter overview:

1. The proposed approach associates the image and text modalities for cross-

modal retrieval process.

2. The training of two SOMs is performed independently using deep image

features and TFIDF text features.

3. The highly correlated image and text SOM neurons are integrated together

using the Oja rule.

5.2 Image feature extraction

A classification experiment has been performed with several pre-trained deep con-

volution neural networks for selecting the appropriate network for deep visual

feature extraction. After feature extraction, images are classified into respective

classes using a support vector machine (SVM) classifier. Out of all the deep model

features, SVM gave the highest accuracy using VGG16 features, so it has been uti-

lized in the proposed approach for image feature extraction. Table 5.1 shows the

models chosen for experimentation along with the classification accuracy. VGG16

and the corresponding accuracy value are represented as bold in the table because

of the highest value. VGG16 convolution neural network has been used for clas-

sification or visual feature extraction in many applications recently and has also

been found to be effective [226, 227, 228].

5.2.1 VGG16

VGG16 network is developed by the Visual Geometry Group of the University of

Oxford, and it is the winner of the 2014 ILSVRC object identification algorithm

[229]. It is a deep convolutional neural network pre-trained on the ImageNet

dataset comprising more than a million images. It is capable of categorizing the

images into 1000 object classes. Hence, the network has learned rich feature
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Table 5.1: Different deep learning models chosen for experimentation along with
classification accuracy (using SVM) to select the best accuracy model for image
feature extraction.

Model Accuracy

alexnet 0.7667

vgg16 0.8333

googlenet 0.6667

squeezenet 0.6667

inceptionv3 0.6333

densenet201 0.8

mobilenetv2 0.6667

resnet18 0.6333

resnet50 0.7667

resnet101 0.7

inceptionresnetv2 0.6

representations for a variety of images. VGG16 takes the fixed input of 224× 224

RGB image. Its network architecture consists of a total of 41 stacked layers. There

are 16 layers with learnable weights: 13 convolutional layers and 3 fully connected

layers. A kernel of 3× 3 dimension is utilized for the convolution operation along

with W and b (as learnable attributes), which are passed over the pixels x of an

image, and it gives y as the output. The following equation simply represents the

convolution task by the function:

y = f(Wx+ b) (5.1)

The convolution layers extract patterns to distinguish among different classes.

Simple features learned by initial convolution layers are combined to create com-

plex features in the later convolution layers. Rectified Linear Unit (ReLU) activa-

tion layer is typically placed after each convolution layer to introduce uncertainty.

The maxpooling layer performs downsampling to reduce the activation map size.

A classifier exists at the end of this stack of convolution layers. There are two fully

connected layers of 4096 neurons and one fully connected layer of 1000 neurons

after these. The output from this layer goes into the softmax layer, which gives a

probability score for each category. Then the classification layer (last layer) assigns

it to a category as per the cross-entropy function. In the proposed study, VGG16

has only been utilized for feature extraction, so both the softmax and classification

100



layer are absent. Image features are retrieved from the last fully connected layer

of 1000 neurons, creating a feature vector of 1000 dimension corresponding to each

image.

5.3 Text feature extraction

For text vector creation, TFIDF features have been extracted which are widely

used in document representation. These features identify the importance of each

word to a document in a collection and give less weightage to words that appear

more often. Given that each image can be associated with a set of, say, up to

n keywords, if the image collection comprises images in different categories, then

some of the collateral keywords, relating to the individual categories, will be shared

across a number of images – so we may have n unique keywords. Some of the

keywords are used very frequently, some less so, and some very rarely.

Frequency-based metrics are typically used to construct vectors for sets of text

documents: the vectors comprise information about the presence or absence of

significant keywords. One of the widely used methods in document representation

is called the TFIDF (Term Frequency Inverse Document Frequency) method that

weighs the significance of a keyword, based on its overall frequency in a document

set (Term Frequency) and the number of documents that have at least one instance

of a given keyword. The two components of the TFIDF metric are computed

over the entire corpus and significant keywords are then selected. High value

TFIDF terms basically indicate terms that appear to be significant for the specific

document. The more frequent a term is in a document and the less it appears

in other documents the higher its weight. A term that appears in every other

document has a zero weight. TFIDF weight (tfidfi,j) of a token i in document j

is given as [230]:

tfidfi,j = tfi,j × log(
N

dfi
) (5.2)

where tfi,j is token frequency of token i in document j, N represents number of

documents in a collection, and dfi is the document frequency of token i in the

collection.

Figure 5.1 represents the steps followed for TFIDF text feature extraction.

The first step is to extract the text from the textual files and convert them into

text strings, and then the numbers (if there are any) are removed from the strings.

These strings are used to create tokenized documents which are then pre-processed

by lemmatization and removing punctuation marks, stop words, and words with

length 1 or 2. Afterward, a cleaned bag of words is created from the cleaned

documents, and this bag is used for TFIDF feature extraction.
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Figure 5.1: Process flow for TFIDF text feature extraction

5.4 Hebbian and Oja learning rule

The neuropsychologist Donald Hebb postulated regarding the learning of the bio-

logical neurons [193]:

”When an axon of cell A is near enough to excite a cell B and repeatedly or

persistently takes part in firing it, some growth process or metabolic change takes

place on one or both cells such that A’s efficiency as one of the cells firing B, is

increased.”

It can be stated that if two neurons, which are connected, are activated simul-

taneously on some input, then the connection is strengthened. In simple terms,

”Neurons that fire together, wire together”. In the basic formulation, the simple

Hebbian learning depends only on the presynaptic ai and postsynaptic aj firing

rate and a learning rate η.

∆wij = η · aiaj (5.3)

where ∆wij represents the change in weight of synapse connecting ith neuron

with jth neuron. Hebbian learning is a correlation-based learning principle.

Let the postsynaptic activity value over multiple input synapses is evaluated

by:

aj =
∑
i

wijai = aT ×wj (5.4)
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the learning rule cumulates the auto-correlation matrix Q of the input r:

∆wj = ηaaj = ηa× aT ×wj = ηQ×wj (5.5)

Q depicts the correlation matrix of the inputs when several input vectors are

introduced:

Q = Ea[a× aT ] (5.6)

Hence, Hebbian plasticity is learning strong weights to frequently co-occurring

input elements. The simple Hebbian learning rule suffers from a severe issue.

There is nothing to stop the connections from growing all the time, eventually

leading to huge values. So, weights will keep on growing in size with time. Another

term is required to balance this growth. A term depicting ”forgetting” has been

utilized in several neuron models where the weight value itself should be subtracted

from the right-hand side. Erkki Oja, a Finnish computer scientist proposed a

learning rule, known as Oja rule, which is a mathematical formalization of the

Hebbian rule, such that a neuron learns to compute a principal component of

its input stream over time [231]. The main idea behind this rule is to make the

forgetting term proportional to the value of weight along with the square of the

activity of the postsynaptic neuron. It can also be called as a normalized form of

the Hebbian learning rule. Oja rule normalizes the length of a weight vector by a

local operation:

∆wij = ηaiaj − ηa2
jwij (5.7)

ηa2
jwij is a regularization term. When the postsynaptic activity aj or weight

wij are too large, then the term cancels the Hebbian aiaj part and decreases the

weight. The new (next) weight can be calculated as the old weight (wij(n − 1))

plus the change in weight (∆wij) as given in eq. (5.8):

wij(n) = wij(n− 1) + ∆wij (5.8)

5.5 Oja learning based cross-modal retrieval us-

ing deep features

5.5.1 Problem formulation

The goal is to make a robust connection between strongly related gastrointestinal

images and collateral text by reducing the semantic gap between these hetero-
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geneous modalities as much as possible. We have a collection of images and

corresponding text in the form of multiple labels (representing the images). Each

image file has a single text file related to it. The aim of the proposed approach

is to retrieve the matched images or text given a text or an image query respec-

tively. Let E = (Ij, Tj, Lj)
N
j=1 depicts the total endoscopy image-text dataset,

where Ij ∈ RdI and Tj ∈ RdT represents the image and text features having dif-

ferent dimensions dI and dT , respectively. (Ij, Tj) is an image-text pair with

same semantic label Lj ∈ Rc, where c symbolizes the total number of cate-

gories of semantic concepts in the dataset. The labels are not used in the whole

model training process as the proposed technique is of unsupervised nature, how-

ever, they have been used while evaluation of the performance metric for the

trained cross-modal system. Total image-text pair instances N have been di-

vided into N1 training instances and N2 testing instances, creating the train data

Etrain = (Ik, Tk)
N1

k=1 and test data Etest = (Ik, Tk)
N2

k=1. The text training set is de-

fined as Ttrain = [T1, T2, ..., TN1−1, TN1 ] ∈ RdT×N1 and image training set as Itrain =

[I1, I2, ..., IN1−1, IN1 ] ∈ RdI×N1 . Similarly, Itest = [I1, I2, ..., IN2−1, IN2 ] ∈ RdI×N2

depicts the image testing set along with Ttest = [T1, T2, ..., TN2−1, TN2 ] ∈ RdT×N2 as

the text testing set.

5.5.2 Proposed technique

A detailed description of the traditional self-organizing map has been given in the

chapter (3). The proposed approach aims to associate two separately trained tra-

ditional self-organizing maps (on diverse modalities) using improved Hebb links

or Oja links, creating a hybrid SOM model which can be utilized for cross-modal

image-text retrieval. Figure 5.2 demonstrates the difference between the tradi-

tional SOM (Figure a) and hybrid SOM (HSOM) (Figure b) using two data in-

stances in the input layer. HSOM associates two trained traditional SOMs using

Oja links, as shown in the figure.

So in the proposed study, one SOM is dedicated to the image modality (dubbed

image SOM) and the other to the text modality (dubbed text SOM). These two

SOMs are integrated using a third network known as the improved Hebbian net-

work or Oja network that connects each neuron (similar cluster of images) in image

SOM with every neuron (similar cluster of texts) in the text SOM. Oja network

is inspired by the Oja learning rule described in Section (5.4). Neurons in the

trained SOMs that are synchronously highly active while training are associated

via the Oja network. This network has been used for the association to enhance

the connections between the SOMs when respective nodes in them activate in re-

sponse to an input text or an image. If the size of the text SOM is m × n and
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(a) Traditional SOM

(b) Hybrid SOM

Figure 5.2: Demonstration of (a) traditional SOM; and (b) hybrid SOM where
two separately trained traditional SOMs are integrated using Oja links.

image SOM is p×q, then the size of the connecting network would be m×n×p×q.
In the proposed study, the size of both the image and text SOM are 4× 4, so the

size of the Oja network is 16× 16.

For implementing the proposed approach, image and text features are retrieved

as described in the sections (5.2.1, 5.3). Two independent SOMs netT and netI of

dimension 4×4 are trained for texts and images correspondingly, and the SOM neu-

ron numbers are also obtained corresponding to each instance depicted as classesT

and classesI matrices. The SOM node weights represented by nodeWeightsI

and nodeWeightsT are obtained for both image and text SOM for further ex-

perimentation. Let winnersMatrixT and winnersMatrixI be the weight vector

of the winner node of each text and image input instance, respectively. After-

ward, Euclidean distance has been calculated between each input vector and the

corresponding winner node weight vector, and the results are depicted as one-
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dimensional matrices wojaI and wojaT individually. Now the training of the Oja

network is performed as per Eq. 5.9, and the Oja link weights (represented by

ojaLink matrix) keep on updating for each input instance for the whole training

process. All the nodes of netI are connected with all the nodes of netT in the Oja

network. However, the strength of the Oja bond is determined by the Oja link

weight.

ojaLink(classesI(i), classesT (i)) = ojaLink(classesI(i), classesT (i))

+(α ∗ wojaI(i) ∗ wojaT (i)

−α ∗ wojaT (i) ∗ ojaLink(classesI(i), classesT (i)) ∗ wojaT (i));

(5.9)

Figure 5.3: Process flow of image and text training for the proposed hybrid cross-
modal retrieval system

where 1 ≤ i ≤ length(classesI) and the α represents the learning rate whose

value has been chosen to be 0.001 after experimentation on values given in the

set {0.1, 0.01, 0.001}. After the network training, two vectors AnetI and AnetT

of size 16 are created such that AnetI will have the node numbers of netT having

the highest Oja link weight where each index of the AnetI vector represent the
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Algorithm 5 Algorithm of HSOM technique exploiting Oja rule for endoscopy
cross-modal retrieval

INPUT: Etrain and Etest

OUTPUT: Trained netI and netT SOMs, retrieval of matched images and text corresponding to text and
images in Etest, respectively

1: procedure Image feature extraction
2: Input all images
3: Resize the images to 224× 224× 3 . Defined image input size for VGG16 input
4: Extract the deep features of 1000 dimension from fc8 layer of VGG16 network
5: end procedure
6: procedure Text feature extraction
7: Input all text files
8: Removal of numbers from each text
9: cleanedDocuments← tokenizedDocument(text) . Create tokenized documents from the text
10: Perform lemmatization
11: Remove punctuation marks, stop words and words with length ≤ 2
12: cleanedBag ← bagOfWords(cleanedDocuments) . Create a bag-of-words from cleaned documents
13: Calculate TFIDF score from the cleaned bag using eq. (5.2)
14: end procedure
15: procedure HSOM based cross-modal retrieval using endoscopy data
16: Load Etrain and Etest

17: dimension1← 4, dimension2← 4 . Dimensions of both image and text SOM
18: netI ← selforgmap([dimension1dimension2]) . Configure image SOM with default parameters except

dimensions
19: netT ← selforgmap([dimension1dimension2]) . Configure text SOM with default parameters except

dimensions
20: netI ← train(netI , Itrain), netT ← train(netT , Ttrain) . Training of maps
21: classesI ← vec2ind(netI(Itrain)), classesT ← vec2ind(netT (Ttrain)) . Retrieving node number for

each input instance
22: for i← 1 to length(classesI) do . Winner node weight matrix corresponding to image input instances
23: winnerI ← classesI(i)
24: winnersMatrixI(:, i)← nodeWeightsI(winnerI , :)

′

25: end for
26: for i← 1 to length(classesT ) do . Winner node weight matrix corresponding to text input instances
27: winnerT ← classesT (i)
28: winnersMatrixT (:, i)← nodeWeightsT (winnerT , :)

′

29: end for
30: for i← 1 to length(classesI) do . Euclindean distance calculation
31: for j ← 1 to imageV ectorDimension do
32: wojaI(i)← wojaI(i) + (winnersMatrixI(j, i)− inputI(j, i))2

33: end for
34: for j ← 1 to textV ectorDimension do
35: wojaT (i)← wojaT (i) + (winnersMatrixT (j, i)− inputT (j, i))2

36: end for
37: wojaI(i)← sqrt(wojaI(i))
38: wojaT (i)← sqrt(wojaT (i))
39: end for
40: for i← 1 to length(classesI) do
41: Train the improved Hebbian (Oja) network using Equation 5.9
42: end for
43: Follow Algorithm 2 for creation of AnetI and AnetT
44: Cluster Ik ∈ netI and Tk ∈ netT where (Ik, Tk) ∈ Etest and k ∈ [1, N2]
45: Refer AnetI and AnetT to find the corresponding Oja link node
46: Retrieve results from the found node
47: end procedure

node number in netI . Similarly, AnetT comprises the node numbers of netI SOM.

For model testing using an image input, firstly, the input image is clustered in a

suitable node in the image SOM as per the similarity. Afterward, the correspond-

ing linked node in the text SOM is found, and the clustered instances from both

the image and text nodes are retrieved. The Algorithm 5 displays all the steps

performed for implementing the proposed method. In this algorithm, the steps

required for creating AnetI and AnetT are similar to the steps mentioned in the

Algorithm 2. Figure 5.3 shows the pipeline diagram of the proposed system for
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cross-modal gastrointestinal images and text retrieval.

5.6 Conclusion

This chapter introduced new ways of indexing and querying image collections by

training neural computing systems with images accompanied by collateral texts.

The characteristic visual features of the image collection are extracted using pre-

trained VGG16 deep convolution neural network. The characteristic linguistic

features of the collateral texts are extracted using TFIDF, a well-known text rep-

resentation method. The images and keywords were categorized synchronously

but separately, by using an unsupervised clustering algorithm – Kohonen self-

organizing feature maps. SOMs learn to categorize unseen images and collateral

texts and concurrently, during uni-modal learning, an Oja link is established be-

tween the most active nodes in the two uni-modal maps: This is the basis of

our claim that we use multi-modal features to train neural networks and during

the training to establish cross-modal connections between the two maps through

another unsupervised network, the improved Hebbian learning network or Oja

network.
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Chapter 6

Experimental Analysis

This chapter provides all the experimentation details, such as parameter settings,

evaluation metrics, dataset description, and model training, along with the ob-

tained results after the experiments. The experiments have been performed on two

datasets: the public Wikipedia dataset and the primary endoscopy dataset. The

results obtained (using the MAP score evaluation metric) on the Wikipedia dataset

have been compared with traditional and state-of-the-art cross-modal techniques,

and the proposed hybrid SOM approach outperforms them. Two operations have

been performed independently on the primary endoscopy data: image cluster-

ing and image-text cross-modal retrieval. Image clustering is performed using a

traditional self-organizing map. Cross-modal retrieval has been performed using

VGG16 features for visual representation and TFIDF features for text representa-

tion. Two SOMs are trained separately using these features and then associated

using Oja links. The results of this proposed approach have also been compared

with the technique proposed for Wikipedia cross-modal retrieval. All the experi-

ments have been performed in MATLAB R2019a.

6.1 Case study on public Wikipedia dataset

6.1.1 Dataset

The proposed approach has been tested on Wikipedia1 [43] dataset which includes

a document corpus consisting of linked image and text pairs. It has been composed

of Wikipedia’s ”featured articles” which accompanied by one or more images from

Wikipedia Commons, giving a pair of appropriate variety. Articles are categorized

into 29 categories by Wikipedia with an individual categorization of image and

text elements. Only the top 10 bulky categories are considered by most of the

researchers for experimentation as the remaining categories have scarce data. The

final data corpus classified into 10 semantic categories contain 2,866 documents in

total. It has been arbitrarily bifurcated into a training and testing set comprising

of 2,173 and 693 documents respectively. Division of each class’ documents in the

train and test set is presented in Table 6.1.

1http://www.svcl.ucsd.edu/projects/crossmodal/
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Table 6.1: Train and test split of Wikipedia classes

Class Train Test Total

History 248 85 333

Art & architecture 138 34 172

Media 178 58 236

Biology 272 88 360

Royalty & nobility 144 41 185

Geography & places 244 96 340

Warfare 347 104 451

Literature & theatre 202 65 267

Music 186 51 237

Sport & recreation 214 71 285

6.1.2 Evaluation metrics

The commonly used metric for detecting the efficiency of a cross-modal retrieval

method is Mean Average Precision (MAP). It tests whether the obtained outcome

belongs to the same category as query (relevant) or not (irrelevant) [73]. It is the

mean of the measured average precision (AP) across all the queries. Provided a

query (a text or an image) and a set of respective retrieved outcomes Y , AP can

be evaluated as:

AP =
1

R

Y∑
y=1

P (y)rel(y) (6.1)

where R represents the ground truth positives or the number of relevant results

in the retrieved results [232], P (y) depicts the precision of top y retrieved results,

if the yth retrieved result is relevant then rel(y) = 1 and otherwise 0. Now, MAP

can be calculated as:

MAP =
1

N

N∑
n=1

AP (6.2)

where N represents number of queries. The more is the MAP score value, the

better the algorithm is.
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6.1.3 Comparison methods

Following points provide the brief description about the methods used for compar-

ison with the proposed HSOM approach. Table 6.2 presents the characteristics of

these comparison techniques.

1. CCA [43] is a fundamental subspace learning based method. It finds the

pair of projections for different modes so that the relation between them is

augmented.

2. SM [43] represents the multi-modal data at an upper level of abstraction

such that there is a natural correspondence between diverse modality spaces.

Moreover, it utilizes multi-concept logistic regression for the classification of

both text and image modalities.

3. SCM [43] is the amalgamation of CCA and SM. Firstly, it uses CCA for

attaining feature representations and then utilize these representations in

building a semantic space.

4. DDL [233] is a scalable hierarchical learning framework that deals with

weakly paired diversified data. In the learned representation space for using

label knowledge, a shared classifier is applied across diverse modalities. A

modal invariant representation is achieved by enforcing low-rank constraint

across modalities.

5. DLA-CMR [66] is an adversarial cross-modal retrieval method that is based

upon dictionary learning. Adversarial learning extracts each modality’s nu-

merical attributes, whereas dictionary learning functions as a feature re-

constructor to reconstruct distinguishing features.

Adversarial learning extracts the statistical attributes of each modality whereas

dictionary learning act as a feature re-constructor for reconstructing discrim-

inative features.

6. DAML [91] maps classified multi-modal data pairs onto a shared latent fea-

ture subspace in a nonlinear fashion. This augments the inter-class variation

and reduces the intra-class variation and the divergence of each data pair

obtained from two modes of the same concept. An additional regularization

is added by the introduction of adversarial learning.

7. SCCMR [54] combines the label prediction and projection matrices’ opti-

mization into an integrated framework for achieving a globally optimum

result. Graph embedding is utilized in this for considering nearby neighbors
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in the potential subspace of paired text and images and text and images

with identical semantics.

8. CSGL [55]makes use of semantic information and learns the projection ma-

trix in integration rather than separately for each modality for more discrim-

inative projection. It considers the consistency among diverse modalities by

incorporating graph regularization for conserving the organization of original

data in the projective space. A collaborative learning scheme is utilized for

avoiding suboptimal solution and integration of diverse modalities for better

projection.

9. SGRCR [56] learns two couple of projections as per diverse retrieval tasks.

It projects the diverse modal data onto an isomorphic common subspace

and heterogeneous adjacent graphs are built for conserving the correlation

among different modalities. It considers the inter and intra class similarity

of modalities in an integrated framework. Feature selection is performed by

L2 norm.

10. CCDCR [57] minimizes the inter-modality distance and maximizes the intra-

modality distance of class center samples for reinforcing the discrimina-

tive capability of the model. In order to further enhance semantic simi-

larity between different modalities, a multi-modal graph consisting of an

inter-modality similarity graph, class center inter-modality graph, and intra-

modality graph is fused into the technique. This approach considers both

local as well as global structural information of data.

11. CR-CDSL [94] exploits the latent semantics of untagged multi-modal infor-

mation with joint deep semantic learning for increasing the discerning ability

of supervised retrieval model. For mutually projecting image and text sam-

ples into a common semantic representation, two corresponding neural net-

works are trained. Weak semantic labels of both unlabeled text and images

are produced consequently based on them. They are mutually exploited with

categorized training samples for retraining the model which eventually finds

a more semantically meaningful subspace for better cross-modal retrieval.

12. TQSL [104] is a subspace learning approach which is dependent on task as

well as query. It is an integrated cross-modal framework where class and

task-specified subspaces are learned together using an effective iterative op-

timization and a task-category-projection mapping table is created based on

it. A semantic mapping function is learned between multi-modal documents

and corresponding classes by a trained linear classifier.
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13. KDM [105] is a cross-modal subspace learning framework which is based

upon correlation. Unlike most other methods that directly maximize fea-

ture correlations across multi-modal data, it learns subspace representation

for each modality by augmenting the kernel dependency. This approach

maps the modalities into diverse Hilbert spaces with the same dimension

separately. Afterward, the kernel matrix is calculated in each Hilbert space

and the correlations are measured across modalities on the basis of kernels.

14. MJSL [106] mines the latent common knowledge of semantic overlap to the

maximum degree possible. It selects the high-level semantics, keeps the pair-

wise closeness, and selects the appropriate features for attaining the most

discriminative subspace for each modality.

15. SMDCR [107] is a semi-supervised cross-modal technique which is modality-

dependent and uses both labeled and unlabeled samples for getting two

couple of projection matrices. It utilizes the feature distance for representing

the semantic knowledge of unlabeled samples in the optimization process for

getting full use of data structural information. It fully utilizes the semantic

knowledge of whole multi-modal data and data distribution property.

6.1.4 Parameter settings

The values of certain parameters in the implementation have been chosen such

that the overall performance is increased. ZM features are extracted at order 5, so

the total retrieved features are 12 for each image instance. These features have the

least redundancy due to the orthogonal characteristics of moments. For setting

the appropriate value of the total number of topics in the LDA model for text

feature extraction, perplexity and time analysis has been performed. Perplexity is

the statistical measure of how well a sample is predicted by a probability model.

The aim is to choose the number of topics that minimize the perplexity value.

Moreover, with an increase in the number of topics, the LDA model may take

more time to converge. So to handle this trade-off, both the values have been

plotted simultaneously for the different number of topics as shown in Figure 6.1.

It can be concluded from the figure that 14 is a good choice for the total number

of topics. So, it has been chosen in the final LDA model.

6.1.5 Model training

Figure 6.2 illustrates the train data distribution after individual image and text

SOM training. The data is evenly distributed among the SOM nodes. These re-

sults are obtained with 12-d ZM visual features and 14-d LDA linguistic features.
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Figure 6.1: Perplexity and time analysis for choosing an appropriate number of
topics for the LDA model

Figure 6.3 demonstrates the distances between the neighboring nodes for the re-

spective image and text SOM. Nodes are represented by blue hexagons which are

connected to their neighbors using red lines. The colors in the red line sections de-

pict the distance between nodes. The darker the color, the more is the distance. A

band of dark sections traverses from the bottom centre region to the middle right

region making a reversed ’L’ shape in the image SOM (Figure 6.3a). It appears

that the clusters of images have been divided into two sets such as the clusters

in the lower right corner and the rest of the SOM clusters. However, the third

node at the bottom of the text SOM (Figure 6.3b) is lying at a huge distance from

all the other nodes and it seems to be acting as an outlier. In the corresponding

trained SOM Figure 6.2b, the same node has the least number of instances in

comparison to all other SOM nodes. The positions of weight vectors and data

points are displayed in Figure 6.4. The appropriate learning rate for Hebbian net-

work training is chosen after analyzing the average image-text query MAP score

by training multiple times at diverse values such as [0.001, 0.005, 0.01, 0.05, 0.1, 1].

From Figure 6.5, it is noticeable that the 0.1 learning rate value is suitable for the

experimental analysis.
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(a) Trained image SOM

(b) Trained text SOM

Figure 6.2: Input train data distribution after individual SOM training
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(a) Trained image SOM (b) Trained text SOM

Figure 6.3: Neighbor Distances among respective SOM nodes after training.
Darker shade denotes larger distance.

(a) Trained image SOM (b) Trained text SOM

Figure 6.4: Location of data points and weight vectors

6.1.6 Results

Table 6.3 demonstrates the comparison of various state-of-the-art methods with

the proposed technique on the basis of MAP score where I2T means retrieving

collateral text using an image query and T2I means retrieving matched images

using a textual query. Average denotes the average MAP score for I2T and T2I

experiments. The column Feature type depicts the type of image and text features

utilized in that particular method where H designates handcrafted features (128-d

visual SIFT representation for images, 10-d LDA representation for text) and D

stands for Deep features (4096-d CNN for images, 100-d LDA for text).

The handcrafted features are utilized by authors in [44] for representing images

and collateral text. These features are freely provided by the authors on the link1

along with the Wikipedia dataset. The base representation for both images and

text is Bag-of-Words (BOW). Firstly, a bag of SIFT features is extracted per

1http://www.svcl.ucsd.edu/projects/crossmodal/
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Figure 6.5: Average MAP scores at different values of learning rate for training
Hebbian network

training image1 and a visual word codebook is learned using K-means clustering.

Afterward, SIFT descriptors are vector quantized with the codebook to create

a visual word counts vector. Text words that are obtained by stemming the

text with the Python Natural Language Toolkit2, are fit by LDA model [172] by

utilizing the implementation of [234]. Almost all the researchers who have tested

their respective cross-modal methods on the Wikipedia dataset have compared

the MAP score results by utilizing these features as well. Hence, they have been

considered in this study also for comparative analysis.

In the table, SL HSOM represents the results obtained using handcrafted

features, and ZL HSOM depicts the results achieved using 12-d ZM for images

and 14-d LDA for text. It is evident from the table that the ZL HSOM approach

is better than the other methods and so the MAP scores are highlighted. Figure

6.6 shows the performance chart of all the methods based on their MAP scores and

Figure 6.7 presents the class-wise performance of the proposed technique. Table

6.4 shows the I2T, T2I and their average MAP score values for respective dataset

categories. Figure 6.9 demonstrates a curve depicting the precision values obtained

for each test query (image in case of I2T and text in case of T2I operation) in

a sorted manner and the change in precision values as per the queries can be

visualized. Figure 6.8 illustrates a few matched images and text results retrieved

using an image query on trained ZL HSOM model.

1https://lear.inrialpes.fr/people/dorko/downloads.html
2http://www.nltk.org/
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Table 6.3: MAP comparison of prominent recent methods with proposed approach
on Wikipedia dataset. H means handcrafted features and D represents deep
features.

Method
MAP Score

Feature type
I2T T2I Average

CCA [43] 0.249 0.196 0.223 H

SM [43] 0.225 0.223 0.224 H

SCM [43] 0.277 0.226 0.252 H

DDL [233]
0.2832 0.2615 0.2724 H

0.3812 0.3501 0.3657 D

DLA-CMR [66]
0.369 0.261 0.315 H

0.539 0.453 0.496 D

DAML [91]
0.356 0.267 0.322 H

0.559 0.481 0.52 D

SCCMR [54] 0.431 0.403 0.417 D

CSGL [55] 0.3996 0.3904 0.395 H

SGRCR [56]
0.284 0.227 0.2555 H

0.4365 0.406 0.421 D

CCDCR [57] 0.2849 0.2253 0.2551 H

CR-CDSL [94]
0.348 0.249 0.299 H

0.508 0.442 0.475 D

TQSL [104] 0.463 0.415 0.439 D

KDM [105] 0.4562 0.4785 0.4674 D

MJSL [106] 0.4432 0.3832 0.4132 D

SMDCR [107]
0.284 0.232 0.258 H

0.43 0.428 0.429 D

SL HSOM 0.5872 0.4744 0.5308 H

ZL HSOM 0.6461 0.5228 0.5844 -

SOM vs HSOM

This section demonstrates the comparison of results obtained using traditional

SOM and HSOM. In the traditional SOM implementation, all the required pa-

rameter values, visual and textual feature vectors are the same as considered for
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Figure 6.6: Performance analysis based on MAP scores

Figure 6.7: Performance chart based on MAP scores for each class

HSOM implementation. The MAP score is evaluated for retrieval of related im-

ages using an image query (I2I ) and retrieval of related text using a textual query

(T2T ). Table 6.5 shows the comparison of MAP score values obtained in the tasks

I2I, T2T, I2T, and T2I using diverse visual and textual features as explained in

the above sections. It is evident from the table that the cross-modal retrieval has

high MAP score than uni-modal retrieval and hence information from multiple

sources (such as image and text together) always results in better performance
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Figure 6.8: Retrieved image and text results using an image query

Table 6.4: Category-wise MAP scores based on proposed technique

Categories I2T T2I Average

Art 0.5867 0.515 0.5509

Biology 0.6244 0.6314 0.6279

Geography 0.5923 0.423 0.5077

History 0.6606 0.4885 0.5746

Literature 0.592 0.5524 0.5722

Media 0.5706 0.5078 0.5392

Music 0.7012 0.5571 0.6292

Royalty 0.549 0.5243 0.5367

Sport 0.5156 0.498 0.5068

Warfare 0.606 0.4893 0.5477

than a single source (such as only text or image). Figure 6.10 is similar to Figure

6.9 but in case of uni-modal retrieval task using traditional SOM implementation.

Sorted precision values’ curve for the retrieval of matched images using an image

query by utilizing 12-D ZM and 128-D SIFT features is presented in Figure 6.10a,

however, Figure 6.10b correspondingly demonstrates the similar curve for the re-

trieval of matched text using a textual query by utilizing 14-D LDA and 10-D

LDA features.

6.1.7 Discussion

The proposed approach shows better performance than all the compared methods

including baselines and other state-of-the-art methods because of the following

reasons:
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(a) I2T operation

(b) T2I operation

Figure 6.9: Curves depicting the sorted precision values for test queries (693 in
our case)
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(a) I2I operation

(b) T2T operation

Figure 6.10: Precision-scope curves for uni-modal retrieval
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Table 6.5: Comparison of MAP scores obtained using traditional SOM and HSOM

Methodology Task Features MAP Score

Traditional SOM

I2I
128-d SIFT 0.4028

12-d ZM 0.367

T2T
10-d LDA 0.3347

14-d LDA 0.3716

Hybrid SOM

I2T
128-d SIFT, 10-d LDA 0.5872

12-d ZM, 14-d LDA 0.6461

T2I
128-d SIFT, 10-d LDA 0.4744

12-d ZM, 14-d LDA 0.5228

1. ZM have been utilized for visual feature representation which are least re-

dundant, noise resilient, and rotation, scale, and translation invariant. They

capture the global image features and also effectively describe the shape

characteristics of an object in an image [171].

2. LDA features that are used for text representation provide well-defined infer-

ence procedures for even unseen documents [172]. They reveal the inter and

intra document statistical structure. An appropriate value for the number

of topics in LDA model implementation has been decided based upon the

perplexity analysis.

3. SOM provides potent clustering of images and text as it emulates the work-

ing of neurons inside the human brain [190]. Moreover, SOM has shown

its effectiveness recently in various application areas such as speech recog-

nition [235], mental stress detection [236], coronary heart disease diagnosis

[237], and for extracting features as an add-on for better network intrusion

detection [238].

4. SOM helps in easy interpretation and understanding of data [190]. Similar-

ities in data can be easily observed and visualized using SOM. It has the

ability to cluster even large or complex datasets [191].

5. The Hebbian network which is used for integration of image and text SOM to

make coordination between the modalities works on the principle of Hebb’s

rule which is also inspired by biological systems [193]. The goal of the

proposed technique is to construct a system which, on giving an image query,

can find the matched images and provides a suitable annotation to it like

humans.
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The proposed technique outperforms the compared deep learning based meth-

ods due to the following reasons:

1. As per [239], numerous processes in deep convolutional neural network are

nowhere near to the ones that happen inside brain. For instance, the training

process in deep neural network is based on backpropagation and stochastic

gradient descent optimization, however, neuroscience suggests that biological

brain does not have these kind of processes. Instead, learning approaches

which are based on Hebb’s learning rule or Spike-timing-dependent plasticity

appear to be more reasonable.

2. A huge dataset (sometimes in millions) is required for deep learning tech-

niques to work well [240] which is not present in this study, otherwise it may

result in overfitting during model training and thus may not perform well

on the test data [241].

3. Typically, a deep learning method (such as CNN) cannot directly perform

better than the machine learning methods. Its performance highly depends

on the design which includes input window size, layer depth, and training

strategies [242].

4. Training the pre-trained model again from scratch might not be feasible as

it requires the understanding of a large number of model parameters and

the modifications in layers which is again computationally expensive as well

[243].

5. The selection of appropriate feature extractors for the modalities also com-

prises a considerable part of the whole algorithm. Representation of the

modalities must be done suitably to enhance the overall system performance

[244]. That is why Zernike moments and Latent Dirichlet allocation features

have been utilized with appropriate parameter values so that the modalities

can be represented in the best possible way.

6.2 Case study on primary endoscopy dataset

This section includes the data analysis of the endoscopy data, results obtained

from clustering of endoscopic images using SOM, and application of the proposed

HSOM approach to this data using both the Hebb and Oja rule. Here, Wavelet

transforms (WT) and Zernike moments (ZM) have been utilized for image rep-

resentation for clustering implementation. VGG16 deep features are extracted

from the images for the cross-modal retrieval task, and Term Frequency Inverse
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Document Frequency (TFIDF) features are used for collateral text representation

after pre-processing. Separate Self Organizing Maps (SOM) have been trained

using the generated image and text features, which are then associated using Oja

links. Then the network (created through Oja links) between trained image and

text SOM is trained for the total number of input instances to create the final

cross-modal retrieval system capable of retrieving the same as well as different

data than the query data. Diverse quantitative comparisons have been performed

on the gastrointestinal data, utilizing different combinations of image and text

features and the different learning rules such as Oja and Hebb for modalities’

integration network training.

6.2.1 Dataset

The dataset consists of 300 real gastrointestinal images accompanied with collat-

eral text obtained from a known gastroenterologist. The dataset has a ratio of

180:120 for healthy and sick cases. Figure 6.11 shows an image-text pair instance

from the dataset. All the images are of size 256× 256 and the data incorporates

four diverse categories of in-vivo gastral images: Upper (normal and bleeding)

and Lower (normal and bleeding) as shown in Figure 6.12. Upper gastrointestinal

tract includes esophagus and stomach, lower includes small bowel and colon. These

areas have been further divided into normal (180) or bleeding (120) instances. In

upper GI tract, normal = 42, bleeding = 54; in lower GI tract, normal = 138

and bleeding = 66 instances. Table 6.6 provides the information regarding the

endoscopic images in the dataset.

Figure 6.11: Sample dataset instance: a gastral image and collateral text

6.2.2 Data distribution analysis

The data distributions of healthy and sick image vectors have been examined from

various aspects (to analyze an appropriate learning model), which are as follows:

• Relative red intensity in healthy/sick images.
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Figure 6.12: Dataset of 300 images with collateral text has been divided into upper
(esophagus, gastric) and lower (small bowel, colon) sections. Upper: normal =
42, bleeding = 54; Lower: normal = 138 and bleeding = 66

Table 6.6: Description of images in dataset

Category Healthy Sick

Image ratio 180 120

Size 256× 256 256× 256

Redness Overall Spots or saturation

• Distribution of RGB intensities in all images.

• Thresholding to crop the red color (for example, R > 100, G < 60, B < 50).

In Figure 6.13 the average red color in the sick and healthy classes has been

sorted and plotted. Although all gastral images are reddish brown in color, the sick

images are more saturated with redness. The intensity plots of all the images have

been illustrated in Figure 6.14: (a) shows that the left half has more dispersion,

especially in red color and R values are relatively higher. The other three plots

(b-d) show the R versus G, R versus B, and B versus G plots. There is tremendous

overlap, so a simple linear regression may not be sufficient for the bleeding analysis.

Thus, there is a need for a non-linear learning system (such as SOM). The red

color segmentation has been experimented with using MATLAB to further analyze

the problem complexity, which is illustrated in Figure 6.15 . The threshold values

R > 100, G < 60, B < 50 have been chosen for best human eye subjective red color

cognition. Again, it seems quite difficult to distinguish the healthy red versus the

sick red spots for confounding cases. The middle two images are healthy in these

four images, and the left/right extremes are bleeding cases. Therefore, simple

thresholding is also insufficient to spot the bleeding even with various threshold

values.
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Figure 6.13: Sorted average red pixel intensities for normal and abnormal images.
The upper line is redness in sick images which is relatively higher as compared to
healthy images.

6.2.3 ZM extraction and SOM application

For each L, U, and V component, 12 ZM have been calculated, making a total

of 36 ZMs to extract the luminance and color attributes as shown in Figure 6.16.

Zernike moments are rotation and noise invariant as studied in [186], which can

be seen in the figures (6.17,6.18). Furthermore, feature transformation techniques

such as Principal Component Analysis (PCA) and Linear Discriminant Analysis

(LDA) are applied to these 300× 36 image vectors as shown in Figure 6.19. Both

of these transformations are used for dimension reduction, but PCA focuses on

maximizing the variance among mutually orthogonal transformed dimensions, and

LDA focuses on the separability of the data concerning the labels [245]. Linear

separability in the case of PCA has been found to be 74% and 84% in case of

LDA. Therefore, linear separability becomes possible after extracting ZM on LUV

image components. Self-Organizing Maps have been involved further to analyze

the accuracy with the hope of improvement.

Figure 6.20 shows the results when the model was trained using only healthy

(180) points and tested for 120 sick images. It can be observed that there is some

overlap of the tested sick images with healthy images due to the obscure nature
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Figure 6.14: (a) RGB intensity of 300 images (180 : 120 for healthy:sick cases)
(b) Red vs Green average intensities (c) Red vs Blue avg. intensities (d) Blue vs
Green intensities plotted for all the images. It is clear from (b-d) that none of the
color intensities are easily separable for healthy and sick cases.

of the images. But still, there is a complementary saturation between these two

images showing that sick images have different data distribution on a broader

scale.

Wavelet transforms applied to all the images before extracting their Zernike

moments (ZM) for noise removal. In Table 6.7, the results of accuracy for ZM ver-

sus WT+ZM on 300× 36 image vectors have been compared. Table 6.8 shows the

difference between WT+ZM and ZM accuracy is positive on the average of 5 trials,
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Figure 6.15: (a) Red color cropping using subjective threshold RGB values (using
MATLAB) R > 100, G < 60, B < 50. Hence, in order to classify the images,
robust features are required to extract such as ZM. Firstly, RGB values have been
converted to LUV color representation to separate the luminance component from
the color composition as shown in Figure (b).

Figure 6.16: Snapshot of ZM for 9 healthy images. Rows corresponds to the
image vectors and 36 columns are the Zernike moments of image. n means nor-
mal/healthy.

confirming the advantage of WT application before ZM extraction. Figure 6.21 is

the visual illustration of Table 6.8. Finally, Table 6.9 presents the confusion matrix

obtained after experiments and the best accuracy obtained using WT+ZM and

Kohonen self-organized feature maps has been found to be approximately 88.3%.

In the table, P Healthy, P Sick and A Healthy, A Sick are predicted and actual

values of healthy and sick classes respectively. Table 6.10 shows the comparison
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Figure 6.17: (a)-(d) are original image, rotations of 90 and 180 degrees, Gaussian
noise introduced.

Figure 6.18: ZM for all images in Figure 6.17 are nearly same. Only 8 out of 36
ZM have been shown to simplify the demonstration. Slight differences are due to
3 types of errors involved in ZM calculation as studied in [184].

of the other approaches with the proposed technique based on obtained accuracy.

The comparison is performed with both traditional methods such as PCA and

LDA (used for linear separability of data), and contemporary methods such as

deep learning based approaches.
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Figure 6.19: PCA and LDA draws of (300) image vectors. PCA yields 74% and
LDA yields 84% linear separability of 120 bleeding and 180 normal image vectors.
Blue for healthy and Red for sick.

Figure 6.20: SOM maps obtained upon training with 180 normal points and testing
with 120 bleeding images using MATLAB. It can be observed that the mapping is
different and thus distribution of 180×36 and 120×36 image vectors are different.

Single SOM illustration

We begin by looking at the performance of a single SOM to deal with the cate-

gorization of images. Figure 6.22 is a collection of 10 healthy and 10 sick gastral

images along with their captions. A simple SOM has been executed for individual

image and text clustering for the 4×4 map as shown in Figure 6.23 and (6.24)

respectively. The image category has subtle visual features that are shared among

each member: color, texture, shape, and edges. Hence, the clustering of gastral

images together is no accident as depicted in Figure 6.23.

The testing for both Single and Hybrid SOM has been explained using 300

instances (image + collateral text) with 90 : 10 for training and testing ratios in

the following sections.
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Table 6.7: Accuracy given by ZM versus WT+ZM on 300 × 36 images. TR =
training data, TS = testing data, VAL = validation data, and AVG = average.

ZM WT+ZM

Trials TR VAL TS All TR VAL TS All

1 82.4 78.3 71.7 78.7 83.8 86.7 75.6 83

2 79.5 84.4 77.2 80 81.4 86.7 77.8 81.7

3 77.6 82.2 77.8 78.3 82.4 81 76.9 81

4 75.2 80.2 77.8 76.7 82.4 80 80 81.7

5 80.5 82.2 80.2 81 83.3 88.9 79.6 83

AVG 79 81.5 76.9 78.9 82.9 84.5 79.8 82.4

Table 6.8: Difference in the accuracy values of after and before WT while extract-
ing ZM. Positive values in the last row signifies the benefit of WT application
prior to ZM.

Accuracy of WTZM - ZM

Trials TR VAL TS All

1 1.4 8.4 3.9 4.3

2 1.9 2.3 0.6 1.7

3 4.8 -1.2 -0.9 2.7

4 7.2 -0.2 2.2 5

5 2.8 6.7 -0.6 2

AVG 3.8 3 2.9 3.4

Table 6.9: Average test results for 5-trials with the proposed method on 300 image
vectors. P Healthy, P Sick and A Healthy, A Sick are predicted and actual values
of healthy and sick classes respectively.

A Healthy A Sick Total

P Healthy 161 16 177

P Sick 19 104 123

Total 180 120 300

Accuracy 89.4% 86.7% 88.3%

Testing single SOM

For an image to image retrieval, the overall recognition accuracy for Single SOM

has been found to be 77% as shown in Table 6.11. The results shown are the

133



Figure 6.21: Difference in the accuracy of results by using WT+ZM versus only
ZM as in Table 6.8.

Table 6.10: Comparative analysis of techniques on the underlying dataset.

Sr. Reference Technique Accuracy

1 [214] Principal component analysis 74%

2 [203] Agglomerative clustering and CNN 80.5%

3 [204] Nonlinear subspace clustering 83.3%

4 [245] Linear discriminant analysis 84%

5 [207] Robust learning for unsupervised clus-
tering

85.7%

6 [208] Deep density-based image clustering 86.8%

7 [205] Hierarchical clustering using 1D ran-
dom projections

87.1%

8 [206] Deep adaptive image clustering 87.6%

9 [209] Discriminative pseudo supervision
clustering

87.9%

10 Proposed WT+ZM on LUV 88.3%

average of 5 runs. The keyword categorizing SOM performs a relatively simple

task in that it matches keywords with keywords, and the accuracy of the retrieval

for 30 keyword vectors presented 5 times was almost 100%. It should be noted

here that choice of images and the assignment of categories by dataset indexers

varied considerably in detail and perhaps in accuracy, suggested by the variation

in the number of keywords, and some labels described visual features like ulcer,
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Figure 6.22: A small example of 20 images and 20 captions. Here bi and ni means
the corresponding captions of bleeding and normal examples.

Angioectasia and so on.

6.2.4 Testing hybrid SOM exploiting Hebb rule and ZM

The hybrid system is trained in a way as mentioned in Chapter 3 and Algorithm

3. The trained system is capable of retrieving both the same as well as different

modality than the query modality. However, the main focus of a cross-modal

retrieval is to analyze the accuracy of a system based on the efficiency of retrieving

different modality than the query modality. So, the two tasks that are being

automated here are: (1) Auto-annotation, and (2) Auto-retrieval

1. Auto-annotation: The trained hybrid system, comprising an image catego-

rization system and a keyword categorization system connected via a Heb-

bian link, is presented with an unseen image feature vector. The image SOM
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Figure 6.23: Clusters created by the image features (ZM) in the SOM on 20 images
(Figure 6.22) for 4×4 grid of SOM. The circle shows overlapping node with normal
and bleeding images.

Figure 6.24: Clusters created by the text features in the 4 × 4 SOM for the
sample data shown in Figure 6.22. n and b means normal and bleeding instances
respectively. The keywords next to n and b are the keywords corresponding to
that particular instance.
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component is activated by the unseen image vector, and the system finds the

best matching units (BMUs). The active nodes then activate nodes in the

collateral keyword SOM via the Hebbian links. The hybrid system deter-

mines the BMUs. The auto-annotation process is shown in Figure 6.25. It

can be seen that the system retrieves correct terms, additional keywords,

and spurious keywords. The spurious keywords include those words in the

training set that may belong to an image either in a different category or a

different image within the same category but with similar visual features.

Table 6.11: Accuracy scores of different retrieval operations using single SOM and
hybrid SOM on endoscopy data

Retrieval operation Accuracy (round off)

I2I 77%

I2T 83%

T2I 85%

For instance, when a celiac disease image was presented (Sr. 2 of figure

6.25), the system retrieved 3 different n3− n5 images. The activated nodes

in the keyword SOM contained 4 terms that were collateral to the presented

unseen image (”pillcam small-bowel celiac disease”). As an output, it got 5

total keywords which includes one spurious keyword ”pillcam”. The average

accuracy obtained for auto-annotation task is 83% (Table 6.11).

Figure 6.25: Auto-annotation testing results

137



2. Auto-retrieval : In this case, the hybrid system is given an unseen query key-

word vector. The system matches the keywords with the pre-stored nodes

in a keyword categorizing SOM. The identification of the place in which

query-related keywords are concentrated then allows the search for collateral

images whose features have been ’learned’ by a SOM. We present a selec-

tion of auto-retrieval examples in Figure 6.26. Given a query, the retrieved

keywords are divided into three parts: matched words, all related keywords,

and spurious words. The average accuracy is 85% for image retrieval task

(Table 6.11).

Figure 6.26: Testing results for auto-retrieval. Image b53 means bleeding image
number 53 and n3 means normal image number 3. Only 2 images have been shown
to simplify the illustration.

Results reported for the hybrid SOM method in Table 6.12 represent the aver-

age values of class-wise accuracy over the test images for different retrieval tasks.

The bold accuracy values depict the best value of accuracy on that particular data

class and the retrieval task. The chart in Figure 6.27 represents the category-wise

accuracy scores for various retrieval tasks. It can be observed from the chart that

the best accuracy is obtained in case of both Upper GI - Bleeding and Lower GI

- Bleeding categories for T2I and I2T retrieval tasks respectively.
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Table 6.12: Comparison of the accuracy for the 4 categories of images (I) and
collateral text (T). Bold numbers indicate the best value of accuracy.

Category I2I T2I I2T Avg Best Task

Upper GI - Normal 77% 80% 87% 81% I2T

Upper GI - Bleeding 73% 93% 80% 82% T2I

Lower GI - Normal 77% 77% 80% 78% I2T

Lower GI - Bleeding 80% 83% 93% 85% I2T

Figure 6.27: Class-wise performance chart on different retrieval tasks based on
Accuracy scores

6.2.5 Testing hybrid SOM exploiting Oja rule and deep

features

The detailed description and steps required for the implementation of this ap-

proach (dubbed HSOM OJA) are given in chapter (5) and Algorithm 5. Here,

the VGG16 deep features are extracted from the endoscopy images, and TFIDF

features represent collateral text. Then the separate SOMs are trained using these

visual and textual features. The two SOMs are integrated using an Oja network

or improved Hebbian network following the Oja learning rule to make a final

cross-modal system that can be utilized for gastrointestinal image annotation and

retrieval. The implementation details are given in the following sections. The

final results obtained using this HSOM OJA approach are compared with the

results obtained using HSOM exploiting the Hebb rule, ZM, and LDA (dubbed

HSOM HEBB).
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Figure 6.28: Perplexity and time analysis to determine an appropriate number of
topics for the LDA model in endoscopy data.

Parameter settings

The parameter values of the different methods utilized in the implementation are

chosen to enhance the system’s overall performance. Order 5 has been chosen for

the ZM features used in HSOM HEBB, generating a 12d image vector. Perplex-

ity and time analysis has been performed to determine the appropriate value for

the total topics created in the LDA model for textual representation. This analysis

has been represented in Figure 6.28 in the form of a plot. Perplexity is the statis-

tical measure of how well a probability model predicted a sample. The number of

topics needs to be selected such that the perplexity value is minimized. The lesser

the perplexity value, the better the selection of the number of topics. However,

the convergence time of the LDA model also needs to be considered along with

perplexity because, with an increase in the number of topics, LDA may require

more time to converge. So, to critically analyze this trade-off, both the perplex-

ity score and the elapsed time are plotted simultaneously against the number of

topics as depicted in Figure 6.28. As per the figure, the best choice for the total

number of topics is 14, which has been selected for the LDA model training, and it

generates the 14d text vector corresponding to each textual instance. For extrac-

tion of deep image features in the HSOM OJA technique, a pre-trained VGG16
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convolution neural network has been used with default parameters. The features

have been extracted from the fc8 fully connected layer of the model generating a

1000d feature vector for image representation.

Model training

Figure 6.29 shows an example of the train data distribution after independent

training of image and text SOM. The hexagon represents the neuron or a node in

the SOM, and the number written inside each node depicts the total number of

train instances clustered in that particular SOM node. These SOMs are trained

using 1000d VGG16 visual features and 14d LDA (Latent Dirichlet Allocation)

textual features. The corresponding SOM figures depicting neighbor distances

are demonstrated in Figure 6.30. Red lines connect SOM nodes (depicted as

blue hexagons) to the neighbors. The darker the shade of the color in the red

line section, the more is the distance between the adjacent nodes. The prominent

tuning parameters chosen for image-text SOM training (after several experiments)

in MATLAB are given in Table 6.13. The learning rate for the Oja network has

been chosen by training multiple times at different values {0.1, 0.01, 0.001} and

analyzing the average image-text query MAP score. After experimentation, 0.001

has been found to be an appropriate learning rate for the endoscopy dataset.

Table 6.13: SOM parameters chosen for experimentation (in MATLAB) using
endoscopy data

Parameter Value Description

dimensions [4 4] (4× 4) Row vector of SOM dimension sizes

coverSteps 100 No. of training steps for initial covering of
input space

initNeighbor 3 Initial neighborhood size

topologyFcn hextop Layer topology function

distanceFcn linkdist Neuron distance function

Results

Table 6.14 shows the comparative analysis of different techniques based on the

MAP score performance metric. Diverse combinations of image and text features

have been utilized along with the two SOM association network weight updation

rule. The table consists of five columns. Rule column represents the weight up-

dation rule followed for training the image and text SOM integration network,
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(a) Trained image SOM

(b) Trained text SOM

Figure 6.29: Input train data distribution after individual SOM training for en-
doscopy data

such as the Hebbian and Oja learning rule. The columns Image features and Text

features represent the various image and text representation methods used for
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(a) Trained image SOM

(b) Trained text SOM

Figure 6.30: Neighbor Distances among respective SOM nodes after training for
endoscopy dataset. Darker shade denotes larger distance.

the experiments, which are 12d ZM, 1000d VGG16, 14d LDA, and 323d TFIDF

features. MAP I2T and MAP T2I columns represent the MAP score values for
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Table 6.14: MAP score comparison of different combinations of methods on en-
doscopy dataset.

Rule Image features Text features MAP I2T MAP T2I

Hebb

ZM
LDA 0.6435 0.5451

TFIDF 0.6694 0.5533

VGG16
LDA 0.5824 0.4304

TFIDF 0.5811 0.5591

Oja

ZM
LDA 0.6574 0.5297

TFIDF 0.5472 0.5767

VGG16
LDA 0.6897 0.3498

TFIDF 0.6073 0.5376

Figure 6.31: Performance analysis of different methods based on MAP score.

image-to-text retrieval (image annotation) and text-to-image retrieval (image re-

trieval), respectively. It can be observed that the Oja network training, along with

VGG16 image features and LDA text features, is showing the best performance

in image-to-text (I2T) retrieval operation, however, it is showing the worst per-

formance for the T2I task. So, it can be deduced that the combination of VGG16

and LDA along with the Oja rule is not good for the overall system performance.

Oja rule with ZM image representation and TFIDF text representation is giving

the best performance for text to image retrieval (T2I) task. The average (average
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of I2T and T2I MAP scores) system performance is best in the case of ZM image

features, TFIDF text features, and Hebbian learning. This analysis aims to show

the importance of choosing the methods wisely, as per the required operation and

the application area. The performance (based upon the MAP score values) of

various utilized methods can be visualized in the form of a bar chart in Figure

6.31.

6.3 Conclusion

After performing various experiments on the public Wikipedia data and primary

endoscopy data, it has been deduced that the proposed cross-modal approaches

HSOM HEBB andHSOM OJA outperform the state-of-the-art methods. Now,

these approaches can be utilized for an effective cross-modal or multi-modal re-

trieval process using different modalities and in diverse application areas. Com-

parative analysis of HSOM HEBB and HSOM OJA approaches has also been

shown using different image and text features on the endoscopy dataset.
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Chapter 7

Conclusion and Future Scope

7.1 Conclusion

From the extensive review on cross-modal information retrieval presented in this

thesis, it has been found that cross-modal systems are better than classic uni-

modal systems in retrieving the multi-modal data and adding values to comple-

ment meaningful information. The dissertation summarizes the prominent works

done by various researchers in the field of image-text cross-modal retrieval. Pri-

mary information has been presented with the help of tables, figures, and graphs

to make it more understandable. A taxonomy of cross-modal retrieval techniques

has been demonstrated. Information regarding famous image-text multi-modal

datasets has been presented. Miscellaneous applications in the field of cross-modal

retrieval are mentioned. Challenges and open issues have also been discussed to

help the research community in further research.

The proposed research in this study introduced new ways of intelligently train-

ing neural computing systems and querying them using images or text to retrieve

matched texts or images respectively. The experimentation has been performed

on the famous public Wikipedia dataset and the primary endoscopy dataset. In

case of Wikipedia data, the visual features extracted from images are Zernike mo-

ments (ZM) that have almost no redundancy and LDA features are considered as

the linguistic features for the text.

In case of endoscopy data, images are represented using ZM features and

VGG16 deep features, and TFIDF and LDA features are extracted from the col-

lateral text. Two unsupervised traditional self-organizing feature maps are trained

simultaneously but separately for images and collateral text respectively. A Hebb

link or Oja link is set up between the most active nodes in the two SOMs. This is

the basis of our claim that we use multi-modal features for training neural networks

and also establish cross-modal links between the two maps using an unsupervised

Hebbian network while the training process. In reality, getting a labeled data is

quite difficult, so the proposed framework will work effectively in that case as it is

of unsupervised nature and thus does not require any data labeling. Experimen-

tation, results, and the comparison with the state-of-the-art techniques prove the

efficacy of the proposed technique in the field of cross-modal retrieval.
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7.2 Research limitations

A few limitations of the proposed framework are given below:

1. Image and text vectorization techniques include few errors and approxima-

tions which could limit the performance of the system for the given data

distribution. (i) For image vectorization, there are three types of errors in-

volved in the calculation of Zernike moments [186]: (a) Geometric error due

to mapping of a digital image into a unit circle with pixels; (b) Discretization

error due to computer’s digital representation of continuous variables; and

(c) Numerical integration error due to the calculation of double integration

through double summations while the centre of a grid is used to calculate the

basis function; and (2) for text vectorization, vector size, uniqueness analysis,

and topic selection for LDA remains an open question.

2. In the proposed study, only MAP score and accuracy measure have been

considered to make the discussion simpler. Other measures such as precision

and recall curve, F1-score, etc. should also be considered as per the problem

requirement.

3. Default values are used for SOM training parameters such as neighborhood

size and distance metric for node distance calculation.

7.3 Future scope

Prominent SOM parameters in this study have been selected after several experi-

ments, however, a suitable technique should be used for SOM parameter tuning.

Although the results obtained using the proposed approach are promising, image

semantics must be considered more carefully for better performance. Diverse im-

age and textual noise removal techniques should be considered in the future for

further improvement in the MAP scores. The presented framework can be applied

in miscellaneous application areas by utilizing suitable feature extractors based on

the type of modality.

Modalities other than image and text can also be employed for experimentation

using the proposed approach. Moreover, modified versions of SOM, Hebbian, and

Oja learning rules can be incorporated into this study for further performance

enhancement. The proposed method can be scaled by experimenting with large

datasets. Different feature selection techniques can be applied to retrieve the best

features representing modalities and obtain better results.
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