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Abstract- The exponential growth of video data across domains such as surveillance, aerospace, and digital
media has created a significant challenge in efficient content retrieval. Traditional approaches based on manual
tagging and low-level visual features fail to capture the contextual semantics of video content. This paper
proposes a semantic video discovery framework that integrates deep feature fusion with automated metadata
generation. Visual features are extracted using deep learning models such as YOLO and Segment Anything
Model (SAM), while textual features are derived using Natural Language Processing (NLP) techniques including
FastText and Named Entity Recognition (NER). The fusion of visual and textual embeddings enables context-
aware retrieval and improves semantic understanding of video content. Experimental results demonstrate

enhanced accuracy, precision, and retrieval efficiency compared to traditional methods.
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I. INTRODUCTION

The rapid growth of video content across digital
platforms, surveillance systems, and research
organizations has made efficient video retrieval a
critical challenge. Traditional approaches rely
heavily on manual tagging and metadata
generation, which are time-consuming,
inconsistent, and not scalable.

Recent advancements in deep learning, computer
vision, and natural language processing have
enabled intelligent systems capable of extracting
semantic meaning from video data. Techniques
such as object detection, segmentation, and
multi-modal learning have significantly improved
video understanding [1]-[3].

In particular, models like YOLO enable real-time
object detection [4], while SAM provides high-
precision  segmentation  capabilities  [5].
Additionally, NLP models such as FastText and
transformer-based approaches improve semantic
interpretation of textual data [6], [7].

This paper proposes a semantic video discovery
framework that integrates deep visual features
with textual metadata to enable efficient and
context-aware retrieval.

Il. EASE OF USE

A. User-Friendly Query Interface

The proposed semantic video discovery system is
designed to provide a simple and intuitive
interface for users. Unlike traditional video
retrieval methods that depend on manual
browsing or predefined metadata, the system
allows users to input queries in natural language.
This eliminates the need for technical expertise or
structured query formats.

The integration of Natural Language Processing
(NLP) techniques enables the system to interpret
user intent effectively and extract meaningful
information from queries. As a result, users can
interact with the system in a more natural and
efficient manner, improving accessibility across
diverse user groups.
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B. Automated Processing and Retrieval
Efficiency

The system incorporates a fully automated
processing pipeline that handles object detection,
segmentation, and metadata generation without
requiring manual intervention. Deep learning
models such as YOLO and SAM are used for visual
feature extraction, while NLP-based techniques
are applied for generating contextual metadata.
This automation significantly reduces human
effort and ensures consistency in video analysis.
Additionally, the system provides precise retrieval
by mapping user queries directly to relevant
video segments. Users can quickly access the
required content without navigating through
entire videos, thereby reducing search time and
computational complexity.

Overall, the system enhances ease of use by
improving efficiency, reducing manual workload,
and delivering accurate and context-aware
results.

1] RELATED WORK

Recent advancements in video understanding
and retrieval have been largely driven by deep
learning, computer vision, and natural language
processing techniques. Researchers have
explored multiple approaches to improve
semantic

understanding of video data by leveraging visual,
textual, and multi-modal features.

Deep learning-based object detection models
such as YOLO have demonstrated high efficiency
and real-time performance in detecting objects
within video frames [4]. These models are widely
used due to their speed and accuracy in
identifying multiple objects simultaneously.
However, object detection alone is insufficient for
capturing detailed contextual information within
a scene.

To address this limitation, segmentation
techniques such as the Segment Anything Model

(SAM) have been introduced, which provide pixel-
level accuracy and enable precise localization of
objects [5]. Segmentation enhances visual
representation by focusing on meaningful
regions within frames, thereby improving feature
extraction quality.

In parallel, Natural Language Processing (NLP)
techniques have been applied for metadata
generation and video classification. Transcript-
based models and embedding techniques such as
FastText and transformer-based architectures
improve semantic interpretation and enable
structured metadata extraction [6], [8]. These
approaches facilitate better indexing and retrieval
by converting unstructured textual data into
meaningful representations.

Furthermore, multi-modal learning frameworks
have been proposed to combine visual and
textual information for improved semantic
understanding. Models such as CLIP and
VideoCLIP align image/video data with textual
descriptions in a shared embedding space,
enabling more accurate retrieval and zero-shot
capabilities [9], [10]. Despite these advancements,
most existing systems either focus on visual
features or textual metadata independently or do
not effectively integrate both modalities.

Additionally, many approaches lack efficient and
scalable metadata generation mechanisms for
large-scale video datasets, particularly in domains
such as surveillance and aerospace, where videos
are long and complex.

To overcome these limitations, the proposed
work introduces a unified framework that
integrates deep feature fusion with automated
metadata generation. By combining object
detection, segmentation, and  NLP-based
semantic analysis, the system enables context-
aware video retrieval with improved accuracy and
efficiency.



Usha Dhankar, 2026, 14:3 International Journal of Science,

ISSN (Online): 2348-4098 Engineering and Technology
ISSN (Print): 2395-4752 An Open Access Journal
Table | Comparative Analysis Of Existing IV. PROPOSED METHODOLOGY
Approaches
A. System Overview
Model The proposed system in figure 1, integrates
/ Techn | Stren | . . tio Relevance computer vision and NLP techniques to perform
App | iq ue gt ns to semantic video discovery. The workflow includes
ro Used hs Proposed video input, feature extraction, metadata
ach Work generation, feature fusion, and retrieval.
Object Real— No
Yo D etect 3emtzct semantic U.SGd for > LANGUAGE | usrnes
O ion o understa visual INPUT VIDEO MODEL
[4] (CNN- , ndin g feature. VISUAL DEEP Contextual
based) Eig extraction COMVOXESIAL L it information
spe NAMED Autor
ed ENTITY Moto:
Pixel- | RECOGNITION | <00
level | NO AUTOMATED | semanmic
Image | Jccura | textual/c Enh.ances GENERATION
SAM [5]| ~€9™M cy onte xt region- based Fig 1. Semantic Video Discovery Framework
eqt . unfjersta feature. integrating deep visual feature extraction,
ation precis ndin g extraction contextual text processing, multi-modal feature
e fusion, and metadata generation for video
localiz retrieval
ati
on B. Visual Feature Extraction
FastTex | Text Efficient Visual features are extracted using:

t /NLP | Proces metada Used for textual . YOLO for object de'Fection [4]
Models | sing ta No visual [feature ) SAM for segr.nentatllon (5] .
6, 18] | & generat integrati [extraction These models identify objects and regions of
ion on interest within video frames, improving visual
Zr;]'be understanding.
i ng
CLIP/ | Muli- | Strong Limited C. Textual Feature Extraction
VideoC | Mmodal visual- fine- Basis for multi- Textual data such as subtitles and transcripts are
text . .
LIP [9], Embe alian grained  |modal fusion processgd using NLP techniques. FastText
dding 9 retrieval embeddings [6] and transformer-based models
[10] me [71 are used to generate contextual
nt representations.
Traditio
Simple .
nal Manu - lloe Motivation for D. Mefadata Gen.e.ratlon . .
Metada| P Time- L utomation Named Entity Recognition (NER) is applied to
ta Taggi ”let_ consumi extract entities such as objects, locations, and
ntatio
System | ng . ng, events from textual
. Inconsist
ent




Usha Dhankar, 2026, 14:3
ISSN (Online): 2348-4098
ISSN (Print): 2395-4752

International Journal of Science,
Engineering and Technology

data. This enables automatic metadata
generation for efficient indexing and retrieval.

E. Multi-Modal Feature Fusion

The visual and textual embeddings are fused to
create a unified representation of video content.
This  multi-modal  representation  enables
semantic search and improves retrieval accuracy.

V. EXPERIMENTAL RESULTS

A. Experimental Setup

The proposed semantic video discovery system
was evaluated using a custom dataset obtained
from ISRO, comprising more than 3500 images
organized into multiple semantic categories. The
dataset reflects real-world complexity, including
diverse objects, scenes, and contextual variations,
making it suitable for validating the robustness
and scalability of the proposed framework.

During experimentation, video data was
processed through multiple stages, including
frame extraction, object detection using YOLO,
segmentation using SAM, and metadata
generation using NLP techniques. The integration
of these components enabled the creation of a
unified multi-modal representation for efficient
retrieval.

B. Performance Metrics

To evaluate the effectiveness of the proposed

system, the following standard performance

metrics were used [3]:

e Accuracy: Measures the overall correctness of
classification and retrieval results.

e Precision: Evaluates the proportion of
relevant results _among retrieved outputs.

Precision =

TP +FP

e Recall: Measures the system’s ability to
retrieve all relevant instances.
Recall = T‘P'ljl—ipF‘N

e Mean Average Precision (mAP): Provides a
comprehensive evaluation of detection and
retrieval performance across all classes.

These metrics collectively assess both the

correctness and completeness of the retrieval

process.

C. Results and Analysis

The experimental results demonstrate that the
proposed system outperforms traditional video
retrieval approaches that rely on manual tagging
or single-modal analysis. The integration of deep
feature fusion significantly enhances semantic
understanding by combining visual and textual
information into a unified representation.

The training and validation graphs presented in
Figure 2 show a consistent increase in accuracy
and a gradual reduction in loss values, indicating
effective model convergence and learning
Additionally, the Mean Average Precision (mAP)
values confirm that the system achieves reliable
object detection and classification performance
across multiple categories.

Table Il Results Metrics

Parameters MaP Precision  [Recall

Results 87.2% 78.3% 81.6%

Fig. 2 Mean Accuracy Précision - Training Graph
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Fig. 3 The average precision per class in the
validation dataset is presented, delineating
specific performance metrics for

individual classes.

Object Detection Losses: Box, Class, and Object

In object detection, three primary losses drive the
optimization process:

Box Loss:
e Measures how well the predicted bounding
box overlaps the ground truth bounding box.

P e T X |
= MNLE BEHD~NELDD

Helps the model differentiate
between background and foreground
regions.

Often uses binary cross-entropy loss.

Lower object loss indicates the model is
confident when an object is present or
absent.

These losses are combined with weights to
form the total loss function used to train the
object detector. The weights are adjusted to
prioritize specific aspects of the detection
task, such as accurate localization or precise
classification.

Object Loss
B Cbiect Loss

[=]
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Box Loss

B =ox Loss

e Commonly uses Intersection over Union (loU) e
as the metric [16]. T
e Higher loU indicates better localization and 1=
lower box loss. 1.0
e Represented mathematically by functions like o.a
Smooth L1 or GloU loss. 0.6
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Class Loss:

e Measures how accurately the model predicts
the class of the object within the bounding
box.

e Typically uses cross-entropy loss [16][17]. 45
e Lower the cross-entropy, the more confident ::
the model is in its class prediction. 10

2.9

Object Loss: fz
e Determines whether an object exists within a 1.0
specific region of interest (anchor box) 0.5

[16][17].
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Fig 4. Displays training Graphs loss(s) depicting a
perfect rectangular hyperbolic shape,
emphasizing the precise accuracy achieved in the
dataset generation process

Fig. 4 illustrates the training behavior of the
proposed object detection model through Object
Loss, Box Loss, and Class Loss across epochs. It
can be observed that all three loss components
show a consistent decreasing trend, indicating
effective learning and convergence of the model.
The Box Loss decreases steadily, reflecting
improved localization of bounding boxes. The
Class Loss also  reduces  significantly,
demonstrating accurate classification of detected
objects. Similarly, the Object Loss shows
stabilization, indicating that the model effectively
distinguishes between object and background
regions.

Overall, the smooth decline and stabilization of
these loss curves confirm that the model has been
successfully trained and achieves reliable
detection performance.

OUTPUT :- ( Object Detection)

output_from_yolo_cleaned. ; ultralytics € python-3.10.12
2.1.0+cul18 cuda:0 tesla t4 15102mib yolovBs summary fused 168 layers
11156544 parameters O gradients 28.6 gflops image 1/1 /root/jpg.jpg 800x800
3

persons 3 bottles 2 chairs 1 dining table 2 mouses 3 cell phones 2 books 25.0ms

OUTPUT :- ( Object Detection & NLP Integration )

Detected Objects Information:

persons bottles chairs dining table mouses cell phones books

FastText Results:-

(( label indoorLab'.' Ilab indoorGeneric”,
el

' label  crowd”),
amay([ 0.96146, 0.73579, 0.026461]))

Thus the model has the highest confidence that
the video source provided belongs to the “Indoor
Lab” category, that is, ~96%. Also, the model is
confident that it belong to ~73% to “Indoor
Generic” and ~26% in "Crowd”

Brunerisre:

o NG S

Fig. 6. After training the frame

Fig. 5 illustrates the initial state of the system
before model training. In this stage, the model is
unable to accurately detect or classify objects
within the video frames. The absence of bounding
boxes and labels indicates that the system has not
yet learned meaningful visual features. This
highlights the need for training using deep
learning models to enable effective object
recognition and scene understanding and Fig. 6
presents the output after model training, where
the system successfully detects and localizes
multiple objects within the video frames. The
presence of bounding boxes and class labels (e.g.,
rocket components, structures) demonstrates
that the model has effectively learned visual
patterns from the dataset. This confirms
improved detection accuracy and validates the

6
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effectiveness of the proposed deep learning-
based approach.
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