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Abstract—Effective and significant image retrieval has
become a major challenge due to the quick expansion of
digital image collections from personal devices,
surveillance systems, and online platforms. The semantic
relationships found in visual data are frequently missed
by conventional metadata-based and content-based
image retrieval techniques. This survey examines Al-
based semantic image retrieval systems that let users use
natural language queries to search for images. In order
to maintain semantic alignment between modalities, the
system uses a pretrained CLIP transformer model to
jointly encode textual descriptions and images into a
shared embedding space. Cosine distance is used to
calculate image-text similarity, and FAISS- based
indexing guarantees quick and scalable nearest-neighbor
search. Because the entire framework runs offline, data
security and privacy are guaranteed. When compared to
traditional retrieval, experimental results show
enhanced semantic accuracy and contextual relevance.
By successfully bridging the semantic gap between
human queries and visual content, the suggested system
lays the groundwork for clever and user-friendly visual
search applications.

Index Terms—Semantic Search, Multimodal
Embeddings, Zero-Shot Retrieval, CLIP, FAISS, Offline
Search

[.INTRODUCTION

The amount of image data has increased at a rate never
seen before due to the quick development of digital
technologies in fields like healthcare, intelligent
transportation, retail, entertainment, and social
media. Every day, billions of images are produced by
cloud-based storage platforms, continuous sensing
systems, and high-resolution smartphone cameras,
necessitating the development of effective and user-
friendly image retrieval systems. Thus, it has become
a crucial research issue to extract useful information
from large-scale image repositories. However,
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because they rely on manually selected metadata or
keywords, which frequently fall short of capturing the
true visual semantics contained in an image,
traditional retrieval methods continue to be
insufficient.

Machine-oriented retrieval mechanisms and human
interaction with visual information are very different.
Images with filenames or low-level visual features
like texture patterns or color distributions are not
remembered by people. Rather, contextual
characteristics within a scene, object relationships, and
semantic concepts are what drive human memory.
Users usually use natural language descriptions, like
a group of children playing football on a field” or ”a
sunset near the beach,” to convey their intent when
searching for images. The well-known semantic gap,
which continues to be a major obstacle in image
retrieval research, results from this discrepancy
between computational feature representation and
human cognitive recall.

Content-Based Image Retrieval (CBIR) systems,
which use low-level visual features like color
histograms, texture descriptors, and shape information,
were developed as a result of early attempts to close
this gap. Although CBIR outperformed purely
metadata-based methods in retrieval accuracy, its
capacity to comprehend abstract semantics, contextual
meaning, and intricate relationships between several
objects is still constrained. Conversely, keyword-
based approaches are labor- intensive, inconsistent,
and unsuitable for large-scale datasets due to their
heavy reliance on manual annotation. The field of
image retrieval has undergone a dramatic change as a
result of recent developments in artificial intelligence,
especially multimodal deep learning. Joint learning of
visual and linguistic representations within a common
se- mantic embedding space is made possible by
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vision language models trained on extensive image—
text pairs. By using contrastive learning to align
images and natural language descriptions,
transformer-based  architectures most  notably
Contrastive Language—Image Pretraining (CLIP) have
shown impressive zero-shot retrieval capabilities.
Without the need for task-specific retraining, these
models enable systems to retrieve semantically
relevant images based on simple text queries. By
integrating approximate nearest-neighbor (ANN)
search frameworks like FAISS, which allow for quick
similarity search over high-dimensional embeddings
even for large datasets, scalability and efficiency are
further improved. Such architectures are also
appropriate for sensitive applications in fields like
healthcare, defense, and forensic analysis because
their offline deployment guarantees data security and
privacy. A thorough examination of semantic image
retrieval methods is crucial given the increasing need
for organic, human- centered interaction with digital
visual content. The development of image retrieval
techniques, from conventional metadata-based
systems to contemporary multimodal and vision-
language models, is methodically reviewed in this
paper. It offers a comparison of current approaches,
talks about important issues like explainability,
scalability, and semantic comprehension, and
suggests future lines of inquiry. This survey aims to
provide an organized and comprehensive under-
standing of recent developments while emphasizing
prospects  for creating more intelligent,
comprehensible, and context aware image retrieval
systems.

Metadata-based ]
Image Retriewval

Visual features
{color, texture, shape)
b

Content-Based Image
Retrieval (CBIR)

Learned feature
representations
b

Deep Learmning-based
Image Retriewval

Joimt embedding
(text -+ image)

. N i
Multimodal Semantic
Retrieval

Fig. 1. Evolution of Image Retrieval Techniques
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This is how the rest of the paper is structured. The
back- ground and basic ideas of image retrieval,
content-based image retrieval, and the semantic gap
are presented in Section II. A thorough review of the
literature on conventional, deep learning-based, and
multimodal semantic image retrieval methods is given
in Section III. A comparison of current methods based
on performance, scalability, and semantic
comprehension is provided in Section IV. The main
issues and unresolved research gaps in semantic image
retrieval systems are covered in Section V. Future
research directions and new developments in
multimodal and vision-language-based retrieval are
high- lighted in Section VI. Finally, a summary of the
survey’s key findings is provided in Section VII,
which brings the paper to a close.

II. BACKGROUND AND FUNDAMENTAL
CONCEPTS

A number of fundamental ideas from computer vision,
multimodal deep learning, and conventional image
retrieval form the basis of semantic image retrieval.
The background information required to comprehend
the development of image retrieval systems and the
fundamental concepts underlying contemporary
natural language-based semantic retrieval tech- niques
is given in this section.

A. Image Retrieval Systems

The process of searching and obtaining images from a
sizable database in response to a user’s query is known
as image retrieval. Textual data like filenames,
manually assigned keywords, and metadata contained
in image files were the main sources of information
used by early image retrieval systems. These systems
were computationally efficient and easy to set up, but
their efficacy was strongly reliant on the accuracy
and thoroughness of annotations. Manual tagging
becomes unfeasible in large-scale or dynamic datasets,
resulting in incomplete or erroneous retrieval
outcomes. Researchers investigated automated
approaches that directly analyze visual content in order
to get around these restrictions, which led to the
development of content-based image retrieval
techniques.[3],[1],[21]

B. Content-Based Image Retrieval (CBIR)
Instead of using textual annotations, Content-Based
Image Retrieval (CBIR) systems use visual features

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 8075



© March 2026 | IJIRT | Volume 12 Issue 10 | ISSN: 2349-6002

that are directly extracted from the image data. Color
histograms, texture descriptors, and shape-based
representations are examples of frequently used low-
level features. To identify unique local patterns in
photos, methods like Scale-Invariant Feature Trans-
form (SIFT) and Speeded-Up Robust Features (SURF)
were widely used.[1],[2]

Despite having better retrieval performance than
metadata- based methods, CBIR systems are
intrinsically constrained by their dependence on low-
level features.[1],[21] High-level semantic concepts
like object identity, scene context, and relationships
between multiple objects are not sufficiently captured
by these features. Because of this, visually similar
images that might not be semantically relevant to
humans are frequently retrieved by CBIR
systems.[1],[2]

C. The Semantic Gap Problem

The semantic gap is the difference between machine-
extracted low-level visual features and human-
perceived high- level semantic interpretations. While
conventional computational models rely on numerical
representations of pixels and manually created
features, humans interpret images holistically by
comprehending objects, actions, emotions, and
contextual relationships.[1]

In image retrieval research, closing the semantic gap
has been a major obstacle. Although CBIR
techniques lessen the need for manual annotations,
they are unable to match machine representations to
human cognitive comprehension. The adoption of
deep learning and machine learning methods

that can extract higher-level abstractions from visual
data was spurred by this constraint.[1],[21]

D. Deep Learning in Image Retrieval

The discrepancy between human-perceived high-level
se- mantic interpretations and machine-extracted low-
level visual features is known as the semantic gap.
Humans interpret images holistically by understanding
objects, actions, emotions, and contextual
relationships, whereas traditional computational
models rely on numerical representations of pixels and
manually created features.[1]

Closing the semantic gap has been a significant
challenge in image retrieval research. While CBIR
methods reduce the need for human annotations, they
cannot match human cognitive comprehension with
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machine representations. This limitation encouraged
the use of deep learning and machine learning
techniques that can extract higher-level abstractions
from visual data.[5],[21]

E. Multimodal Learning and Vision—Language
Models

The discrepancy between human-perceived high-level
se- mantic interpretations and machine-extracted low-
level visual features is known as the semantic gap.
Humans interpret images holistically by understanding
objects, actions, emotions, and contextual
relationships, whereas traditional computational
models rely on numerical representations of pixels and
manually created features.[1]

Closing the semantic gap has been a significant
challenge in image retrieval research. While CBIR
methods reduce the need for human annotations, they
cannot match human cognitive comprehension with
machine representations. This limitation encouraged
the use of deep learning and machine learning
techniques that can extract higher-level abstractions
from visual data.[9],[10],[11],[16],[17],[23]

F. Semantic Similarity and Vector Search

Distance metrics like cosine similarity can be used to
measure semantic similarity once text queries and
images have been embedded into a shared vector
space. Scalable search strategies are necessary for
effective retrieval from big embedding databases. Fast
similarity search is made possible by approximate
nearest-neighbor (ANN) algorithms, which trade a
small loss in accuracy for notable increases in retrieval
speed.[9],[10],[11],[13]

Semantic image retrieval systems are practical for real
world deployment because vector indexing
frameworks enable real-time retrieval even in large-
scale image repositories.[13]

III. LITERATURE REVIEW

An extensive overview of image retrieval research
advancements is given in this section, which traces the
development from early metadata-based systems to
sophisticated multimodal vision language models. The
literature is arranged both methodologically and
chronologically to show how different approaches try
to close the semantic gap and increase retrieval
efficiency.
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A. Metadata-Based and Keyword-Oriented Retrieval
Systems

Textual descriptors like filenames, captions, and
manually assigned keywords served as the foundation
for early image retrieval systems. These methods’ low
computational cost and ease of use led to their
widespread adoption. However, the quantity and
caliber of annotations limited their efficacy. Sharma
[3] showed that inconsistent, ambiguous, and
subjective interpretation frequently plague metadata-
based systems, resulting in low recall and precision.
The limitations of keyword-based retrieval were
critically examined by Smeulders et al. [1], who also
noted that human- generated annotations seldom scale
to large datasets. The transition to automated content-
based techniques is also prompted by these systems’
inability to accommodate exploratory or descriptive
queries.

B. Classical Content-Based Image Retrieval (CBIR)
Techniques

Instead of using external textual descriptions, CBIR
systems retrieve images based on their inherent visual
characteristics. Global features like color histograms,
texture measurements (like Gabor filters), and shape
descriptors were used by early CBIR frameworks. The
feature extraction techniques and similarity metrics
employed in CBIR systems were thoroughly reviewed
by Rasheed et al. [2] and Hameed et al. [21].
Robustness against changes in scale, rotation, and
illumination was enhanced by local feature descriptors
like SIFT and SURF. By compactly representing local
features, aggregation techniques like Bag-of-Visual-
Words, VLAD, and Fisher Vectors further improved
retrieval  efficiency [19]. Even with these
improvements, CBIR systems’ comprehension of
semantic meaning is still constrained. The
persistence of the semantic gap is reinforced by the
observation made by Qazanfari et al. [4] that visually
similar images retrieved by CBIR systems may still
differ significantly in contextual or semantic
relevance.

C. Deep Learning-Based Visual Feature Learning

By making it possible to automatically learn
hierarchical feature representations, deep learning
dramatically changed image retrieval. Convolutional
Neural Networks (CNNs) use learned embeddings that
capture higher-level semantics in place of manually
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created features. He et al.’s residual learning
framework [5] made it possible to train extremely deep
net- works, which enhanced feature discriminability
and retrieval accuracy.

By using self-attention mechanisms to model long-
range dependencies, Vision Transformer (ViT)
architectures im- proved image representation learning
[8]. Data-efficient trans- former training could achieve
competitive performance with fewer training
resources, as shown by Touvron et al. [24].
Transformer-based retrieval models were investigated
by El- Nouby et al. [20], who reported better
generalization across datasets.

While deep learning-based approaches perform better
than traditional CBIR methods, they are still mainly
visual. These systems capacity to match human
search behavior is limited because they do not
directly support natural language queries.

D. Visual-Semantic Embedding and Cross-Modal
Retrieval

Researchers developed visual-semantic embedding
models that align text and images in a shared space
to facilitate semantic understanding  across
modalities. This concept was first introduced by
DeViSE [9], which allowed semantic label transfer by
mapping image features to word embeddings. By
using hard negative mining, VSE++ [10] enhanced
embedding  alignment and produced more
discriminative representations.  Although these
models showed that cross-modal retrieval was
feasible, their limited vocabulary coverage and dataset
size limited their performance. Additionally,
compositional queries involving multiple objects or
relationships proved difficult for early embedding
models, underscoring the need for more

expressive architectures.

E. Transformer-Based Vision—Language Models
Transformer architectures, which jointly model text
and images at scale, transformed multimodal learning.
The trans- former framework was first presented
by Vaswani et al.

[6] and subsequently modified for language
comprehension using models like BERT [7]. Vision-
language models that can acquire potent cross-modal
representations were inspired by these architectures.
CLIP, a contrastive learning-based model trained on
extensive image text pairs, was first presented by
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Radford et al. [11]. Task-specific training was not
necessary because CLIP showed excellent zero-shot
performance on a variety of retrieval tasks. This
method was expanded by OpenCLIP [12], which
improved reproducibility and adaptability by using
larger datasets and open-source training pipelines.

CLIP-based models considerably outperform previous
cross-modal retrieval techniques in semantic
alignment and generalization, according to recent
surveys [16], [23]. Interactive fine-tuning was further
investigated by CLIPBranches [22] to improve
relevance and personalization in retrieval scenarios.

F. Efficient Vector Indexing and Similarity Search
Retrieval efficiency is just as important to the success
of semantic image retrieval systems as representation
quality. Scalable similarity search methods are
required for high- dimensional embeddings produced
by deep models. FAISS

[13] was developed by Johnson et al. and uses vector
quantization and clustering techniques to support
approximate nearest- neighbor search.

FAISS maintains high accuracy while enabling real-
time retrieval from extensive embedding databases.
Modern retrieval pipelines now routinely incorporate
it, especially for large image repositories and
multimodal search applications.

G. Domain-Specific Applications and Challenges
Medical imaging is one of the specialized fields where
semantic image retrieval has found considerable use.
CBIR systems in radiology were surveyed by
Piccinelli et al. [14]

and Muller et al. [15], who emphasized their
potential to aid in diagnosis and clinical decision-
making. Nevertheless, these studies also revealed
issues with clinical validation, interpretability, and
data privacy.

While multimodal models increase retrieval accuracy,
domain adaptation is still a significant challenge,
according to recent studies. Domain-aware training
and evaluation techniques are necessary because
models trained on general datasets might not
generalize well to specialized domains.

H. Critical Analysis and Research Trends

According to the literature, multimodal learning
clearly leads from low-level feature matching to high-
level semantic understanding. Although automation
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was enhanced by classical CBIR techniques, human
cognition was not aligned with them. Although they
lacked natural language integration, deep learning-
based models greatly improved representation quality.
By enabling intuitive, language-driven image
retrieval, vision-language models especially CLIP-
based architectures represent a  significant
breakthrough.

Model explainability, bias mitigation, multilingual
support, privacy-preserving deployment, and effective
adaptation to domain-specific datasets are among the
open research challenges that still exist despite these
advancements. Building reliable and human-aligned
semantic image retrieval systems requires addressing
these issues.

I. Summary of Literature Review

From metadata-based retrieval to CBIR, deep learning-
based methods, and contemporary multimodal vision—
language models, the reviewed literature shows a clear
progression. Al- though previous techniques enhanced
visual similarity matching, they had trouble capturing
semantic intent. Natural language-driven image
retrieval appears to have great potential thanks to
recent multimodal models, especially CLIP-based
architectures. However, issues with explainability,
bias, domain adaptation, and privacy-aware
deployment still exist, which encourages more study
in this field.

IV. EXISTING METHODOLOGY

With a focus on contemporary vision-language
models, this section offers a thorough examination of
the approaches and assessment techniques used in
earlier semantic image retrieval systems. This
section’s goal is to methodically analyze rep-
presentative approaches that have had a major impact
on the advancement of semantic image retrieval rather
than to present a novel retrieval framework. This
section attempts to elucidate how linguistic and
visual information are jointly modeled to enable
natural language-based image search by reviewing
established methodologies.

An outline of the general vision—language retrieval
pipeline is given at the outset, emphasizing key
architectural elements like shared embedding spaces,
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image encoders, text encoders, and similarity
matching mechanisms. This methodological overview
offers a conceptual framework for comprehending
how modern systems accomplish semantic alignment
between textual queries and images. An architectural
diagram that shows how various vision-language
image retrieval modules interact is included to aid in
visual comprehension.

This section summarizes the evaluation techniques
frequently used in the literature to evaluate retrieval
performance in addition to methodological
considerations. To explain how retrieval effectiveness
is measured, standard ranking-based metrics are
reviewed, such as recall-based measures and similarity
scoring techniques. Under a single assessment frame-
work, these evaluation techniques serve as the
foundation for comparing various retrieval paradigms.

Because of its widespread use and significant impact
on later vision-language retrieval research, the CLIP
framework is used as a reference model throughout
this section. CLIP provides a consistent foundation for
comparison across various retrieval approaches by
acting as a representative example for both
methodological design and evaluation practices. An
evaluation matrix summarizing representative
performance results reported in previous studies is
provided to aid in comparative analysis. This matrix
aids in highlighting important distinctions between
conventional, deep learning-based, and multimodal
retrieval  techniques in terms of semantic
comprehension, generalization capacity, and retrieval
efficacy.

All things considered, this section provides an
organized framework for the methodological
discussion and evaluation comparison that are shown
in the subsequent subsections. This section’s use of
tables and diagrams improves readability and offers a
visual aid for comprehending intricate retrieval
pipelines and comparative performance trends
documented in the literature.

A. Methodology of  Vision—Language Image
Retrieval Models

By simultaneously learning visual and textual

representations, vision-language image retrieval

models seek to retrieve semantically relevant images
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based on natural language queries. The following steps
can be used to summarize the methodology used by
such models:

Vision-language models that jointly learn textual and
visual representations have played a major role in
recent developments in semantic image retrieval.
Among these, a representative and extensively used
approach for natural language-based image retrieval is
the Contrastive Language—Image Pretraining (CLIP)
framework.

An image encoder and a text encoder are the two
separate encoders that make up the CLIP architecture.
While the text encoder is based on a transformer
architecture trained for language understanding, the
image encoder is implemented using deep visual
models like convolutional neural networks or vision
transformers. Both modalities are encoded into fixed-
length feature embeddings within a shared semantic
space given an image—text pair.

In order to minimize similarity between mismatched
pairs within a batch and maximize similarity between
corresponding image—text pairs, CLIP wuses a
contrastive learning objective during training.
Alignment between embeddings is measured by
cosine similarity, and the optimization process
promotes the placement of textual descriptions and
semantically related images close to one another in the
embedding space. The model can learn from extensive
natural language supervision because this approach
does not rely on predefined class labels, in contrast to
conventional supervised learning techniques.

During training, CLIP employs a contrastive learning
objective to  maximize similarity between
corresponding image text pairs and minimize
similarity between mismatched pairs within a batch.
Cosine similarity is used to measure alignment
between embeddings, and the optimization process
encourages the placement of semantically related
images and textual descriptions near each other in the
embedding space. Unlike traditional supervised
learning methods, this approach does not rely on
predefined class labels, allowing the model to learn
from extensive natural language supervision

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 8079



© March 2026 | IJIRT | Volume 12 Issue 10 | ISSN: 2349-6002

Image Input Text Query

| l

Image Encoder Text Encoder

l |

Image Embedding Text Embedding

>~

Shared Semantic Space

l

Similarity Matching

l

Retrieved Images

Fig. 2. Conceptual overview of vision—language-based
image retrieval systems used in prior literature

B. Evaluation Metrics Used in Semantic Image
Retrieval

Ranking-based metrics that assess the quality of

retrieved results are commonly used to assess the

performance of semantic image retrieval systems.
Recall-based evaluation metrics, which are now
commonly used in the literature, were made popular
by vision-language models like CLIP.

Recall@K (R@K), where K is the number of top-
ranked results taken into consideration, is the most
widely used metric. The percentage of queries for
which at least one pertinent image appears in the top
K retrieved results is known as Recall@K. R@l,
R@5, and R@10 are frequently reported values that
shed light on retrieval accuracy at various ranking
depths.

When comparing image and text embeddings in the
shared semantic space, cosine similarity serves as the
main distance metric in addition to recall-based
metrics. In order to capture overall retrieval
performance across different recall thresholds, some
studies also report mean Average Precision (mAP).
When taken as a whole, these metrics offer a thorough
assessment of retrieval robustness, ranking quality,
and semantic relevance.

TABLE I
EVALUATION MATRIX WITH REPRESENTATIVE PERFORMANCE VALUES REPORTED IN
LITERATURE
. Evaluation Representative Zero-Shot
Method Embedding Type Metrics Performance Capability
CBIR Visual features
Handcrafted) Visual Precision, Recall Low
to Moderate No CNN-based Retrieval embeddings mAP, Recall@K
Moderate Limited VSE++ Image—Text embeddings
Recall@K, mAP Moderate to High Partial CLIP-based Retrieval
Vision—Language
embeddings R@1, R@5, R@w10 High
Yes
TABLE II
REPRESENTATIVE RETRIEVAL PERFORMANCE TRENDS
Method R@!1 R@5 R@10 CBIR Low Low | Moderate CNN-based | Moderate
Moderate-High | High VSE++ High High | Very High
CLIP Very High Very High | Very High

C. Evaluation Matrix with Representative Numerical
Results

This survey provides evaluation

summarizing representative performance

reported in the literature to aid in a comparative

understanding of various image retrieval paradigms.

an matrix

values
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The numerical results in this matrix are derived from
reported results in published works, mostly using
CLIP as a reference framework, rather than from
independent experimentation.

Table I representative
performance trends reported in prior literature.

summarizes retrieval
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V.COMPARATIVE ANALYSIS OF EXISTING
METHODS

A comparative analysis is necessary to comprehend
how various image retrieval methodologies differ in
terms of representation, semantic understanding,
scalability, and practical usability, even though the
literature review presents individual approaches and
their evolution. This section highlights the relative
advantages and disadvantages of metadata-based,
CBIR, deep learning-based, and multimodal vision-
language retrieval techniques.

A. Comparison Based on Feature Representation

The kind of feature representation that is employed is
one of the main differences between image retrieval
methods. Filenames, tags, and annotations are
examples of external textual descriptors that are
solely used in metadata-based approaches. These
representations are unable to capture visual semantics
because they are not derived from image content.
Handcrafted low-level visual elements like color,
texture, and shape are used by CBIR systems. Basic
visual similarity matching is made possible by these
features, but they are not semantically expressive.
CNNs or Vision Transformers are used to extract
learned visual embeddings for deep learning-based
methods. Higher- level semantic patterns and object-
level data are captured by these embeddings.

Direct semantic alignment between visual content and
natural language queries is made possible by
multimodal vision language models, like CLIP-based
systems, which represent both text and images within
a shared embedding space.

B. Comparison Based on Semantic Understanding
The ability of the system to interpret image content in
a way consistent with human perception is known as
semantic understanding. Because they rely on either
manual annotations or low-level features, metadata-
based and CBIR approaches show poor semantic
understanding. Semantic capability of CNN-based
retrieval systems is moderate, especially for object-
centric queries.

Because vision-language models use natural language
supervision to incorporate contextual, relational, and
descriptive information, they achieve high semantic
understanding. This development unequivocally
demonstrates that, in com- parison to previous
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methods, multimodal learning is more successful in
reducing the semantic gap.

C. Learning Paradigms and Generalization Capability
Different learning paradigms are adopted by various
retrieval systems:

Conventional CBIR techniques rely on predefined
feature extractors and do not involve learning. CNN-
based systems need labeled datasets for training and
usually use supervised learning. Vision-language
models enable zero-shot generalization to unseen
queries and domains by using contrastive learning on
large-scale image-text pairs.

One of the main benefits of contemporary multimodal
models is their zero-shot retrieval capability, which
lessens reliance on task-specific retraining.

D. Similarity Measurement and Retrieval Efficiency
A key factor in determining the efficiency and
accuracy of retrieval is similarity measurement.
Distance metrics like Manhattan or Euclidean distance
were applied to manually created features in early
systems. On learned embeddings, deep learning-based
systems frequently employ cosine similarity.
Approximate  nearest-neighbor  (ANN)  search
frameworks, like FAISS, are integrated into large-
scale multimodal systems to enable quick and scalable
similarity search across millions of embeddings.
Semantic retrieval is now possible for practical
applications thanks to efficient vector indexing, which
greatly reduces response time.

E. Scalability and Practical Deployment

One essential component of contemporary image
retrieval systems is scalability:

Although they have good computational scalability,
metadata-based systems have poor retrieval quality.
CBIR systems perform worse as dataset sizes grow, but
they scale moderately.

When paired with ANN indexing, deep learning and
multi- modal systems scale well, but they demand
more processing power.

Multimodal retrieval pipeline offline deployment
enables privacy-preserving use cases in delicate
industries like defense and healthcare.

F. Discussion
Intelligent, semantic, and human-centric retrieval
systems have clearly replaced low-level, manually
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driven retrieval techniques, according to the
comparative analysis. Although CNN-based and
CBIR-based techniques enhance automation and
representation quality, their application in natural
language interaction is still constrained. Intuitive
image search through descriptive queries is made
possible by vision-language models, especially CLIP-
based methods, which offer a unified framework that
closely resembles human cognitive processes.
However, issues like dataset bias, interpretability, and
domain adaptation are still unresolved research issues.

VI. CHALLENGES AND RESEARCH GAPS

Even though image retrieval techniques have
advanced significantly, there are still a number of
issues and unanswered research questions. Even
though the semantic gap has been reduced by
contemporary deep learning and multimodal
techniques, research is still ongoing to achieve truly
human-like comprehension and scalable deployment.
The main drawbacks found in all of the current
approaches are covered in this section.

A. Persistent Semantic Gap

The semantic gap has not entirely disappeared, despite
the fact that vision-language models greatly enhance
semantic alignment. While existing models are
capable of accurately identifying objects, they
frequently have trouble deciphering intricate
relationships, abstract ideas, or implicit contextual
meanings in images. Emotions, intent, and fine-
grained scene understanding queries are still difficult,
especially in unconstrained real-world datasets.

B. Limited Explainability and Interpretability

The majority of multimodal retrieval and deep
learning systems function as black-box models. They
do not provide clear explanations for why a specific
image was retrieved in response to a query, even
though they produce accurate retrieval results. In
delicate fields where interpretability is essential, like
forensic analysis, legal investigations, and healthcare,
this lack of explainability lowers trust and restricts
adoption.

C. Bias and Fairness in Multimodal Models

Large-scale web data used to train vision-language
models may carry societal biases from the training
datasets. These biases may show up as skewed
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retrieval results, underrepresentation of particular
groups, or stereotype reinforcement. Particularly for
systems meant for public-facing or decision- support
applications, addressing fairness and bias mitigation
is still a significant research gap.

D. Scalability and Computational Cost

Multimodal models still need a significant amount of
processing power for training and inference, even
though ap- proximate nearest-neighbor search
increases retrieval speed. Deployment on resource-
constrained devices, like mobile plat- forms and edge
systems, is hampered by high-dimensional
embeddings, high memory requirements, and energy
consumption. The creation of effective and lightweight
retrieval models is still a challenge.

E. Domain Adaptation and Generalization

Since most vision-language models are trained on
general- purpose datasets, they might not transfer well
to specialized fields like industrial inspection,
medical imaging, or satellite imagery. Although
labeled multimodal data is frequently lacking, domain-
specific differences in terminology and visual patterns
necessitate adaptation strategies. One of the main
research challenges is to increase cross-domain
robustness without requiring significant retraining.

F. Multilingual and Low-Resource Language Support
English-language queries are the main focus of current
se- mantic image retrieval systems. Accessibility for
users worldwide is hampered by the lack of support for
low-resource and multilingual languages. A major
research gap is in creating models that can handle a
variety of linguistic structures while preserving
semantic accuracy.

G. Privacy and Ethical Considerations

Concerns about data privacy, illegal surveillance, and
misuse of visual data are brought up by large-scale
image retrieval systems. While offline deployment
reduces some risks, it is still difficult to ensure ethical
data handling, consent, and regulatory compliance.
More research is needed on privacy- preserving
learning and retrieval strategies.

H. Evaluation Limitations
Semantic image retrieval systems are frequently
evaluated using benchmark datasets that might not
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accurately represent real-world usage scenarios. User
satisfaction and contextual relevance are not always
captured by metrics like recall and precision. One area
of open research is the development of standardized
evaluation protocols that include task-oriented and
human-centric measures.

I. Summary of Research Gaps

In conclusion, even though existing image retrieval
systems perform well in controlled environments,
there are still a number of issues with semantic
comprehension, explainability, fairness, efficiency,
and generalization. Developing reliable, scalable, and
human-aligned semantic image retrieval systems
requires addressing these issues.

VIL. FUTURE RESEARCH DIRECTION

Numerous promising research directions have been
made possible by the quick development of semantic
image retrieval systems. While retrieval accuracy and
usability have been greatly enhanced by multimodal
and vision-language models, interpretability, fairness,
robustness, and real-world deployment are still issues
with current methods. The main avenues for future
research that can direct the creation of retrieval
systems that are more intelligent, scalable, and human-
centered are described in this section.

A. Enhanced Semantic and Contextual Understanding
In order to achieve deeper semantic and contextual
reasoning, future image retrieval systems must go
beyond object- level recognition. Current models are
capable of identifying scenes and objects, but they
frequently have trouble with complex relationships,
spatial reasoning, causality, and abstract ideas like
intent or emotions. The semantic gap between user
intent and retrieved content may be lessened by
integrating scene graphs, relational reasoning
modules, and external knowledge bases to enable
richer semantic understanding.

B. Explainable and Interpretable Retrieval Models

One of the biggest obstacles to user trust and adoption
of deep learning-based retrieval systems is their black-
box nature. Explainable retrieval frameworks that
offer clear justification for retrieval outcomes should
be the main focus of future research. These could be
interpretable intermediate representations, textual

IJIRT 194607

explanations in line with user queries, or attention
visualizations. Explainability is particularly important
in delicate fields like forensic analysis, legal
investigations, and medical diagnostics.

C. Bias Mitigation and Fairness-Aware Learning
Social and cultural biases are frequently inherited and
amplified by large-scale multimodal models trained on
web- sourced data. To guarantee inclusive and
objective retrieval results, future research should
investigate fairness-aware learning objectives, dataset
balancing techniques, and bias detection mechanisms.
For image retrieval systems to be deployed in an
ethical and responsible manner, these issues must be
addressed.

D. Lightweight and Resource-Efficient Retrieval
Models
Social and cultural biases are frequently inherited and
amplified by large-scale multimodal models trained on
web- sourced data. To guarantee inclusive and
objective retrieval results, future research should
investigate fairness-aware learning objectives, dataset
balancing techniques, and bias detection mechanisms.
For image retrieval systems to be deployed in an
ethical and responsible manner, these issues must be
addressed.

E. Domain-Adaptive and Specialized Retrieval
Systems

In specialized domains like medical imaging, satellite
imagery, industrial inspection, and cultural heritage
archives, general-purpose retrieval models frequently
fall short. To enable domain-specific customization
with little labeled data, future research should
concentrate on few-shot learning, self- supervised
adaptation, and transfer learning. Realistic evaluation
also requires the development of standardized
benchmarks for specialized domains.

F. Multilingual, Multimodal, and Voice-Based
Interaction
English-language text queries are the main focus of the
majority of current systems. Increasing support for
low-resource and multilingual languages is essential to
achieving global accessibility. Retrieval can also be
made more natural, intuitive, and inclusive for a
variety of user groups by integrating. Retrieval can
also be made more natural, intuitive, and inclusive for
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a variety of user groups by integrating speech-based
input, gesture-based interaction, and AR-assisted
interfaces.

G. Scalability and Large-Scale Deployment

Future systems must effectively scale to millions or
even billions of images as image repositories continue
to expand. Low-latency performance at scale while
preserving retrieval accuracy and security can be
achieved through research into distributed indexing,
hierarchical embedding structures, and cloud-based
retrieval architectures.

H. Privacy-Preserving and  Ethical  Retrieval
Frameworks
Concerns about privacy and ethics are growing as real-
world deployment increases. Future research should
investigate privacy-preserving learning strategies like
encrypted similarity search, on-device inference, and
federated learning. To avoid abuse and guarantee
regulatory compliance, ethical standards and
governance procedures must be incorporated into
system design.

I. Robustness and Adversarial Resistance
Out-of-distribution queries, adversarial manipulation,
and noisy inputs can all affect semantic retrieval
models. To guarantee consistent performance in real-
world scenarios, future research should concentrate on
adversarial evaluation benchmarks, uncertainty-aware
modeling, and robust training strategies.

J. Human-Centric and Task-Oriented Evaluation
Metrics
Out-of-distribution ~ queries, noisy inputs, and
adversarial manipulation can all affect semantic
retrieval models. To guarantee consistent performance
in real-world scenarios, future research should
concentrate on adversarial evaluation benchmarks,
robust training strategies, and uncertainty-aware
modeling.

K. Summary

In  conclusion, deeper semantic reasoning,
interpretability, fairness, efficiency, robustness,
scalability, and accessibility should be prioritized in
future semantic image retrieval re- search. The
development of reliable, intelligent, and globally
deployable retrieval systems that better meet human
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expectations and practical requirements will be made
possible by addressing these issues.

VIII. APPLICATIONS

Significant utility is unlocked across a variety of real-
world use cases when images can be retrieved using
semantic natural language queries. Such a system can
be easily adapted into domains where image volume is
high and metadata availability is limited because it
does not rely on manual annotations or predefined
keyword vocabularies. Important uses consist of:

- Medical and Clinical Imaging: Descriptive phrases
like ”CT scan showing lung opacity” or "MRI brain
tumor near left temporal lobe” can be used by
physicians and radiologists to search archived
scans. Due to local processing, this ensures data
privacy while facilitating quicker diagnostic
comparison, research analysis, and treatment
planning. It also saves time navigating large PACS
databases.

- Law Enforcement and Forensic Investigation:
Natural descriptions like “white car near a red
building” or ’suspect wearing black jacket at night”
can be used by officers to retrieve photographic
evidence. This improves intelligence workflows in
situations where quick search capability is essential,
such as surveillance, forensic re- view, cybercrime
tracking, and field investigations.

- Digital Libraries and Multimedia Archives: Instead
of using metadata to organize images, museums,
historical archives, and media organizations can use
semantic con- text. Conceptual descriptions such as
”ancient sculpture with broken arm” or ”sunset
painting with boats” can be used by users to query,
increasing discoverability and user accessibility for
research communities.

- Personal Smart Photo Management: People can use
common queries like ’birthday party with balloons”
or “family photo at the beach” to search their own
photo galleries. This makes photo organization
more user-friendly and intuitive by doing away with
the need for folder structures, manual sorting, or
filename memorization.

- E-commerce and Retail Search: Customers

can use visual descriptions like “red shoes with

white stripes” or “modern wooden chair” to express
what they want. Multimodal search can be used by
retail platforms to increase conversion rates, lower
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search  friction, and im- prove product

recommendations.

- Autonomous Systems and Robotics: Using natural
language guidance, robots or intelligent navigation
systems can find environmental imagery that is
pertinent to their tasks. For instance, ”find image of
door next to fire extinguisher” enhances contextual
scene comprehension and goal-oriented perception.

- Education, Social Media, and Entertainment: Stu-
dents and content producers can easily access
supporting images for presentation, design, or
narrative. Natural language-based search enhances
content accessibility for non-technical users and
streamlines creative workflows.

Applications needing contextual understanding, quick

response times, and scalable deployment across

massive multimedia repositories can benefit greatly
from semantic image retrieval systems. They improve
accessibility for both technical and non-technical users
and do away with the need for manual labeling by
bridging the semantic gap between human intent and
machine perception. Data privacy and confidentiality
are further guaranteed by local processing, which is
essential in sensitive domains. Vision-language
intelligence is expected to play a significant role in
future multimedia management systems since natural
language is still the most intuitive way for people to
communicate. These systems will enable more
precise, interactive, and human-centered retrieval
experiences as multimodal learning and efficient
vector search continue to advance. Students and
content producers can easily access supporting images
for presentation, design, or narrative. Nat- ural
language-based search enhances content accessibility
for non-technical users and streamlines creative
workflows.

IX. CONCLUSION

Effective image retrieval has become a crucial
challenge due to the quick expansion of digital image
data across industries like social media, healthcare, e-
commerce, and surveillance. Because they rely on
low-level features and have limited semantic
understanding, traditional metadata-based and early
content-based retrieval techniques are becoming less
and less effective.

The development of image retrieval systems from
keyword- based and traditional CBIR techniques to
deep learning-driven and multimodal frameworks was
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examined in this survey. Al- though early CBIR
methods enhanced automation, they were unable to
close the semantic gap between human perception and
machine representations. Semantic  modeling,
contextual reasoning, and representation learning have
all been greatly improved by the use of deep learning
and transformer-based models.

Multimodal vision language models like CLIP, which
align textual and visual embeddings in a common
semantic space, were a major focus of this survey.
These models facilitate zero-shot generalization,
enhance user accessibility, and allow natural
language-based retrieval. They enable scalable and
real-time retrieval across massive image collections
when paired with effective indexing and similarity
search techniques.

Notwithstanding these developments, problems with
limited interpretability, dataset bias, high
computational cost, domain adaptation, multilingual
limitations, and privacy concerns still exist.
Developing retrieval systems that are precise,
equitable, transparent, and dependable requires
addressing these constraints.

In conclusion, by facilitating more organic and
significant human Al interaction, multimodal deep
learning has revolutionized semantic image retrieval.
The survey’s findings are intended to aid in the
creation of scalable, reliable, and user- focused visual
search technologies.
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