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Abstract

The rapid increase in the volume, diversity, and complexity of visual content in the digital world has
made the need for designing and implementing visual content search and retrieval systems highly
evident. Currently, we are facing a massive scale of visual data on the web, for which the conventional
approaches based on manual and human-generated metadata are not sufficient to handle the diversity
and sheer volume. The enormous volume of data generated on the web, without a high-accuracy and
high-speed solution for understanding and retrieving it, will join the digital archives forever and never
be found again. Recently, there have been significant efforts for retrieving these images, particularly in
the fields of Content-Based Image Retrieval (CBIR) and Semantic Image Retrieval (SIR). Content-based
and semantic image retrieval systems have the capability to search and retrieve images based on their
internal content and high-level human-understandable semantics, rather than just the metadata that
may be associated with them.
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This paper provides a comprehensive review of the latest advancements in the field of content-based image
retrieval in recent years. It aims to critically discuss the strengths and weaknesses of each research area in
content-based retrieval, and provide an overall framework of this process and the progress made in areas such
as image preprocessing, feature extraction and embedding, machine learning, benchmark datasets, similarity
matching, and performance evaluation. Finally, the paper presents novel research approaches, challenges, and
suggestions for better advancing research in this field.

The sections of the paper are organized as follows: After the introduction, Section 2 describes the
components of a CBIR system framework, and with a cursory look at classical and traditional methods,
it will delve into the workings of modern approaches and their associated challenges. In Section 3, we
will provide an overview of the concept of "relevance feedback" and explain the need for this method to
enhance the retrieval performance in CBIR systems, followed by an introduction to the prominent
solutions in this domain. Finally, in Section 4, we will present a review of the image datasets commonly
used in the field of content-based image retrieval, along with a discussion of their characteristics.

IGiven the recent advancements in the field of computer vision and image processing, especially in the
area of "image-text relationship" and how to integrate the two to improve retrieval performance, the
focus of a large part of this study has been on the solutions in this area and the performance of the
prominent methods.

The current main research in this field is monopolized by large companies and organizations with access
to vast financial resources, which has slowed down the progress of research and academic work in this
field. These companies, with access to unimaginable data and financial resources, have trained well-
known and sometimes unknown models on a very large scale (billions of images and texts), and after the
training is complete, they have placed the final model in various web services without publishing the
details of the research conducted. The important point is that the scale law applies in this field, and any
entity that has more access to computational and storage resources will be able to train better and more
accurate models, which has made it less possible for small research units and universities to enter this
field and wait for the publication of research by the aforementioned organizations and companies. There
is a dire need to introduce effective solutions in this field that require limited resources and are capable
of achieving high accuracy and competitiveness with the massive models, with a fraction of the budget
required to train them. This has happened in the field of large language models, and after two years,
multiple research groups have been able to achieve the accuracy of the Chat-GPT4 language model from
OpenAl and with the ability to run on home devices, and it is necessary for research in this field to shift
from focusing on achieving accuracy with greater scale to focusing on achieving accuracy with lower
cost, otherwise this field will remain in the monopoly of companies focused on greater profits.

Keywords: Content-Based Image Retrieval, Image Processing, Computer Vision, Machine Learning,
Deep Learning, Semantic Gap.
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(Table-1): Conceptual difference between Content-Based
Image Retrieval and Semantic Image Retrieval
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(Figure-1): Images with high-level semantic meanings
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(Table-2): Comparison between Level-1 Preprocessing methods for CBIR
SIS gals jo s c
[FYOPRPRE S b 53 v

lixo <999 e 13)
i 4 GlF 5L NP-HARD ¢4 jl alzous S oS 4 a g 5355 o0 SISy P
ksl s aly s S bl Glp seS 05 | aie g9 |y Slalad w Laly, FA . FA FY PP PP

Al jlelixe 3,Ses S o [&e
Srar Sl 4 A By 4 ol | oy e s ..
S, b was (] L ad
@anpaabd o oladl iz | oS geole polai 3 ol QS | T 2 D Sl sl C e
; Ry [YAFF.Fo]
ke )
Iy &gl Lol 4 5L -
sbluals STy e éiiu N dto Sa b ogdige IS5 eyl ail> S, a2l p (S
Lsl (sl YU S s Wl sty e (SIS by [F).PY.FY]
sboeld

i o bl ol ; A HE
e om e T Wi pl 55 Cueglie G

sl b psae
Cagae

Sl a2y Sloslxe Bl 5l

Ol 0 &S 1y pgar Sl

[yva.pe ¥Al

YU gl sla Fis o]

Al 4y 900

J= sl Sy slagy, 5l e

anld oSles Mol sl | anjen Glele Bl 5 2Ll | o DS b gluange Sl [¥v]
Gdzkad ol S oo ooliin] JuSoy o
O celd jlae ol Oy bl Jols ol pslad | b cewliie (ganashd a4 olotws [¥] cossankd
e Jole L » s ,
N Sl g sheore jg5 adel 4y ulus> A 3 Ll (g5lolos e
. . Liw
5 Gded (ymen e oS il 4 g 5 Vb e [¥5] g Sastin

syl il sk

Aaisyee sbusl  olols
):')U

S8 sy, p Ll 8y i
adyls
Lt ol 45 ol

Solel sl Jas
S BB slo Joe

(V0 FFlUSCs 5 S

(03,00 2310 1) 90 gl pglai (310 5 iy BP9y dm Lo (Y- Jgur)
(Table-3): Comparison between Level-2 Preprocessing methods for CBIR

SIS als jo s

lb - é m lh & &
b =29 & 29 ov9)
g b i diaijad | oiwcalis
5 LU oSy gl Yo slad o miwcalys | 0 S TN S :
el e . T e o e s o) Sl s Ay SIFT
2588 o Slpsd w pglie | slaal)l o 6,055, & LS . ) [64 ¥ol
P DS 5 alibs)
4:?-'5‘ Sgdse
90 b lihio 50 pedl 4 o jitals
2 0hes Ol eedS o s | (Hessian) s (oS5l e SURF
SIFT (goran 6ol Ll | 2ol sl LSl ke 4y al (oAl
Olsd Qe lolid )0 aed 5L 05 Sl
LgL:b /'}15 l)MI . . (IR 3....»}._» ul).....n 4 5Lia
< ) ¢ Lng 2y 0 Ay 4 Coeules F ) Local Patterns
R i e <2 | [av 8 FRo0]

2385 09,0 slacdl

RgE5 (59,0

oS Slwlre (Sozn

Ry ;S 335 slead 4 Lo pue

Bl g K aseis | glelis sasie gleoyel 5l | . HOG
o 540 e DAl 4 Cwgld
Ll e b S o Lt [Cal APl 4 : 9 [a¥]
ReE (9,2
) Jobixe 5 STol (sl g
NS i old ol Sl 808 s GIST
‘5‘*. 22O g'§)-' s b elie 5 onis 4 il w e - t [av]
5 OOk OOtk Wil ' S{STOIE-SEIEER P JUYRY
Gl
oS 7 9 (2509 S S 3 ORB
SURF 5 SIFT (9200 oo 3 i elas |0 i g e (Dsh 4 pdlie [aY]
e S »o@hl i (Glle Ll | Slwosky (Soles Sliding Windows
255 (3,0 sleolas, L gl 9 52y Sl & (ol s oS (]

Y 2l ) o)kl VP JLo



29La3 Gy Une 9 J9=olgize (L)L SO YY) 3 AISLE )9 )0

et 93 shadd |lulid J— Slabd oy ialads 5 151> o i iz oSl g gliee o bulg
e “Black dog chasing
= (OO O . Yy ¥V VY VY ¥ | a young child"
S
DD D . . [CCO]=+ (AMOD. black. dog)
= [OCQ] —» OO Q)<+ (DEP, chasing, dog)
DD.DD (OO Ol<+ (DOBI, child, chasing)
- - . |:| I:‘ I:‘ [©OC O]+ (AMOD, young, child)
rl &
000 1| T ' OO O] (DET, 2 child)
U0 9 Jugiad oIS aalels

[31] (yio lalad g 1 guai (4950 Gleil oo ol ducwlomo (P JSCi)

(Figure-6): Finding similarities between Image patches and parts of Text [31]
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(Figure-7): Common patterns in connecting images and
captions [4] [19] [30] [61] [63]
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(Figure-9): Attending to different parts of an image based on text
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(Table-5): Classification accuracy comparison of different approaches for the ImageNet dataset
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