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‘ J ideo fingerprinting plays a vital role in near-duplicate detection, copyright

NOISIAI

protection, and multimedia retrieval. Most existing fingerprinting techniques rely on

frame-level or sequential representations and assume that the temporal order of
video content remains intact. However, real-world video reuse often involves temporal
distortions such as segment reordering, frame dropping, and partial clip extraction, which
significantly degrade the performance of sequence-dependent methods. This paper proposes
a Graph-Based Video Fingerprinting Framework (GBVFF) for robust video identification
under temporal distortions such as reordering, frame dropping, and segment shuffling.
Unlike conventional sequence-dependent approaches, the proposed method models videos
as graph structures to preserve contextual relationships independent of temporal order. The
framework integrates Mean Canberra Distance for similarity estimation, and KL-divergence-
based selection of representative fingerprint features. Experimental evaluation on
benchmark datasets, including YouTube-8M and WebVid, demonstrates that GBVFF
achieves a 12.4% improvement in accuracy, 14.8% higher precision, and a 27.6% reduction
in false positive rate compared to state-of-the-art methods. The results validate that graph-
based representations significantly enhance robustness against temporal perturbations,
making the approach effective for real-world video retrieval, duplicate detection, and
copyright protection systems.
Keywords: Video Fingerprinting, Graph-Based Representation, Near-Duplicate Detection,
Temporal Robustness, Multimedia Retrieval.
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Introduction:

The exponential growth of online video content has created an urgent demand for
robust video fingerprinting techniques across a wide range of applications, including copyright
protection, content moderation, plagiarism detection, and large-scale multimedia retrieval [1].
Video fingerprinting aims to generate compact, discriminative, and content-aware
representations that enable efficient identification of near-duplicate or modified video
instances without requiring storage of the original media [2]. State-of-the-art video
fingerprinting methods predominantly rely on frame-level visual descriptors or sequential
embeddings extracted from temporal video streams [3][4][5][6][7][8][9]. While these
approaches demonstrate reasonable performance under common transformations such as
compression, resizing, and re-encoding, they exhibit significant vulnerability to temporal
distortions. In practical scenarios, videos are often subjected to complex manipulations,
including frame deletion, segment shuffling, partial reordering, and clip extraction, all of which
disrupt  the inherent temporal structure assumed by  sequential models
[TO][11][12][13][14][15][16][17][18]. Consequently, the reliability of state-of-the-art approaches
degrades substantially under such non-linear temporal modifications.

To address these limitations, this work proposes a novel graph-based video
fingerprinting framework that transforms video sequences into semantic graph structures. In
the proposed formulation, nodes represent semantically meaningful video segments, while
edges encode both temporal and semantic relationships among these segments. Unlike
sequential representations, graph-based modeling does not strictly depend on temporal
ordering, thereby providing a more flexible and structurally resilient representation. This
allows the preservation of content similarity even under significant temporal perturbations
such as reordering and shuffling [10][11][13][16].

The proposed framework builds upon an object-wise distance-based clustering and
divergence-driven sampling strategy [19], extending it to operate effectively on graph-level
video representations. Specifically, the integration of graph modeling with statistical similarity
measures enables the construction of robust, compact, and distortion-invariant video
fingerprints.

Objectives:

This research aims to develop a robust and temporally invariant video fingerprinting
framework wusing graph-based representations that preserve semantic relationships
independent of frame order. It focuses on designing effective similarity measures and
clustering mechanisms to accurately group and identify videos under temporal distortions such
as reordering and frame dropping. Additionally, the study seeks to extract representative
fingerprints [4] while minimizing false positives. The proposed approach is evaluated against
state-of-the-art methods using standard performance metrics to validate its effectiveness and
reliability.

Novelty and Research Contribution:

This research introduces a fundamentally new perspective on video fingerprinting by
redefining the representation space from sequential to graph-based modeling. Unlike state-of-
the-art approaches that rely on temporal continuity, the proposed framework eliminates
dependency on frame order and instead captures semantic relationships through graph
structures, enabling robustness against complex temporal distortions.

The novelty of this work lies in the integration of graph theory with statistical similarity
measures for fingerprint generation, which has not been sufficiently explored in existing
literature. Specifically, the proposed method departs from state-of -the -art sequence alignment
and deep temporal encoding strategies by introducing a permutation-invariant representation
paradigm, making it suitable for real-world scenarios. Furthermore, this work extends existing
object-wise clustering and sampling strategies into the graph domain, enabling a unified
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framework that simultaneously addresses representation, similarity measurement, clustering,
and fingerprint selection under a single coherent model.
The key contributions of this work are summarized as follows:

A novel graph-based formulation for video fingerprinting that is inherently robust to
temporal reordering and segment-level manipulation.

An adaptation of object-wise Mean Canberra Distance for measuring similarity
between graph-structured video representations.

An extension of object-wise Kullback—Leibler (KIL) divergence for selecting
representative and informative graph fingerprints.

A dynamic thresholding mechanism enabling adaptive clustering without reliance on
manually predefined parameters.

A divergence-aware fingerprint selection strategy that reduces redundancy while
improving discriminative capability.

A comprehensive evaluation under multiple temporal distortion scenarios using
standard benchmark datasets.

The paper is organized as follows. The Methodology section presents the design and
implementation of the proposed Graph-Based Video Fingerprinting Framework (GBVFF),
including graph construction, similarity modeling, clustering, and fingerprint selection. The
Results and Discussion section provides a comprehensive evaluation of the proposed
approach under various temporal distortion scenarios and compares its performance with
conventional methods. Finally, the Conclusion section summarizes the key findings of the
study and outlines potential directions for future research.

Material and Methods
Overview of the proposed Framework:

In this study, we extend the concept of video fingerprinting to address the challenge
of identifying robust and representative signatures from multimedia content under temporal
distortions. The primary goal is to design a generic yet effective framework that extracts stable
fingerprints capable of preserving semantic consistency even when videos undergo reordering,
frame dropping, or segment-level modifications.

To achieve this, we propose the Graph-Based Video Fingerprinting Framework
(GBVFF), which transforms conventional sequential video representations into semantic
graph structures. This transformation enables order-invariant modeling, ensuring that
structural relationships between video segments are preserved regardless of temporal
arrangement.

As illustrated in Figure 1 and Figure 2, the GBVFF pipeline consists of four core
stages: (1) graph construction, (2) graph embedding and similarity computation, (3) clustering,
and (4) fingerprint selection. The complete workflow begins with raw video input and
concludes with the generation of compact and representative graph-based fingerprints suitable
for efficient retrieval and near-duplicate detection.

Evaluation

Accuracy Robustness

Video Segmentation Canberra Distance & \&2¥c,/ KL Divergence Sampling ::u 0
& Graph Creation Mean Calculation L-Most Convergent ==
Clustering Precision & Recall  Processing Time
Figure 1. End-to-End Pipeline of GBVFF
End-to-End Processing Pipeline:
The proposed framework, presented in Figures 1 and 2, begins with video acquisition
from heterogeneous sources. Each video is partitioned into semantically coherent segments
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using shot boundary detection. This step reduces redundancy and ensures local temporal
consistency; however, it may introduce segmentation noise in cases of abrupt transitions.

Subsequently, deep feature extraction is performed using pretrained vision or vision-
language models to encode high-level semantic representations of each segment. These
features form the foundation for graph construction. Although deep embedding enhances
robustness to visual variations, its effectiveness may degrade under extreme compression or
domain shifts.

Each video is then modeled as a graph, where nodes represent segments and edges
encode semantic similarity between them. This transformation represents a key component of
the framework, as it replaces sequential dependencies with structural relationships, enabling
robustness against temporal distortions.

Using a graph embedding method to map them into a continuous feature space to
enable efficient similarity computation. While embedding reduces dimensionality and
computational cost, it may introduce approximation errors in fine-grained similarity
estimation.

Graph similarity is computed using Mean Canberra Distance, which is particularly
suitable for normalized feature spaces and provides sensitivity to relative variations across
dimensions. Based on computed similarities, L.-most convergent clustering is applied to group
semantically similar graphs using an adaptive threshold mechanism.

Finally, KI.-divergence-based analysis over feature distributions within each cluster to
identify representative graphs. These selected graphs constitute the final fingerprint database,
ensuring compactness, diversity, and robustness for large-scale retrieval tasks.

Input Videos Shot Segmentation Feature Extraction  Graph Construction Graph Embedding Fingerprint Selection Fingerprint Database

Input Videos Deep Visual Features Semantic Graph Feature Embedding Graph Clustering

Shot 3
Shot Boundary Detection

i

I

I—; Graph-Level Distance Calculation L-Most Convergent Clustering Fingerprint Generation — e— .
| Canbemz Distance

i
H
1
-------------- SN Near-Duplicate Retrieval & Matching — SeueE————

Figure 2. End-to-end architecture of the proposed Graph-Based Video Fingerprinting
Framework (GBVFF), illustrating the transformation of raw video inputs into compact and
representative graph-based fingerprints through segmentation, feature extraction, graph
construction, embedding, clustering using Canberra distance, and fingerprint selection using
KL divergence.

Approach Formularization:

The Graph-Based Video Fingerprinting Framework (GBVFF) is designed to address
the limitations of sequence-dependent models by representing video content as semantic
graphs. This structure ensures robustness against temporal distortions such as segment
reordering, frame dropping, and partial clip extraction.

Graph-Based Video Representation:

The transformation of raw video into a graph-level feature space involves three primary steps:
Video Segmentation: Each video Vi is partitioned into semantically coherent segments using
shot boundary detection and scene understanding. These segments constitute the nodes Ni of
the graph.
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Edge Construction: Edges, Ei are established to encode semantic similarity and spatial-
temporal relationships between segments, providing a non-linear structural representation.
Feature Extraction: High-dimensional semantic feature vectors are extracted for each node
using pretrained video or vision-language models. The final graph-level representation ri
aggregates these node semantics and structural info.

Distance Metrics and Semantic Uniqueness:

To identify the semantic distinctiveness of video graphs, we employ an Object-wise
Mean Canberra Distance. This metric is chosen for its sensitivity to small variations in feature
distributions and its inherent invariance to node ordering. The Canberra distance de.n between
two video graphs G; and G; is calculated across their feature dimensions k:

Object-wise Mean Calculation: For every graph in the dataset Sg, we compute its mean
distance relative to all other graphs to determine a Uniqueness Score.

Dynamic Thresholding: A dynamic threshold, NE_oCan_mean® is established by
calculating the range between the maximum and minimum mean distances. This threshold
adaptively separates near-duplicate content from distinct videos.

Algorithm 1: Graph Object-wise Mean Canberra Distance

Purpose:

Compute the semantic uniqueness of video graphs for clustering, invariant to temporal order.
Input: Set of Video Graphs S¢ = {G1, Gz, Gn}

Output: Graph Uniqueness Scores and Dynamic Threshold

Procedure:

Initialize Sng «— S¢

For each graph Gi € Sne:

Set dcan «— 0

For each Gj € Sne, Gj # Gi:

Compute dcan <— dcan + dca(Gi, G))

Compute E_oCan_mea(Gi) < dcan/| Snc |

Compute threshold: NE_oCan_mean® «— max (E_oCan_mean) — min (E_oCan_mean)
Near-Duplicate Clustering:

The framework partitions the dataset into clusters of semantically similar videos using
an iterative convergence approach.

Algorithm 2: L.-Most Convergent Graph Clustering
Purpose:

Starting with an unclustered graph as a seed Gc, all graphs Gj where dan (Gc, Gj) <
NEoCan_mean® are grouped into a cluster Cl. This process repeats until all videos are assigned
to semantic groups, ensuring that shuffled or reordered segments do not affect the clustering
accuracy.

Input: Video Graph Set S¢

Output: Graph Clusters C = {C}, Cs, ..., CL}
Procedure:

Initialize [ <— 0

While | S¢ |> 0:

Select first graph Gc € S

Initialize cluster Ci «— {Gc}

Remove Gcefrom Sa

For each Gj € Sg:

If dcan (Ge, Gj) < NE_oCan_meant:
Add Gj to cluster Ci
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Remove Gjfrom S¢
Increment [ «— [ + 1
Canonical Fingerprint Selection:

To ensure the final fingerprints are both informative and non-redundant, we apply
Kullback—Leibler (KI.) Divergence to measure semantic spread within each cluster.
Algorithm 3: Graph Object-wise Mean KL Divergence
Purpose: Measure internal semantic divergence to identify the most representative graphs.
For each graph in a cluster Cg, compute the mean KL divergence E_oKL_mean relative to
its peers. A normalized threshold is then established as the average of the maximum and
minimum divergence scores.

Input: Clustered Graph Set C¢

Output: Graph Divergence Scores and Threshold

Procedure:

For each graph Gi € Ca:

Set dkr < 0

For each Gj € Cg, Gj # Gi:

Compute dkL < dkL + dk(Gi, Gj)

Compute E_oKL_mea(Gi) « dkL/| Cq |

Compute threshold: NE_oKL_mean® «<— (max (E_oKL_mean) + min (E_oKL_mean))/2

Once video graphs are grouped into preliminary clusters, the Graph Object-wise Mean
Kullback—Leibler (KL) Divergence is used to identify representative graphs within each
cluster. The KL divergence measures the semantic divergence between the feature
distributions of two graphs. For each graph in a cluster, the mean KL divergence with all other
graphs in the same cluster is calculated to determine its representativeness. A normalized
divergence threshold is then computed, allowing the selection of graphs that capture the
maximum semantic diversity. This step ensures that the final fingerprints effectively
summarize the content of each cluster while minimizing redundancy, which is critical for
robust near-duplicate detection.

Fingerprint Selection:

Graphs whose mean KL divergence exceeds the cluster's normalized threshold are
selected as the canonical fingerprints F. These selected graphs capture the maximum semantic
diversity, making them highly robust for retrieval tasks.

Algorithm 4: M-Most Divergent Graph Sampling (Fingerprint Selection)
Input: Graph Clusters C

Output: Graph Fingerprints F

Procedure:

Initialize F < @

For each cluster C1 € C:

Compute NE_oKL_mean®

Select graph Gi € Cisuch that E_oKL_mea(Gi) = NE_oKL_mean®
Add Gito fingerprints: F «— F U {Gi}

The final stage of the framework involves M-Most Divergent Graph Sampling, which
selects representative fingerprints from each cluster. Within a cluster, graphs whose object-
wise mean KL divergence exceeds the normalized threshold are chosen as canonical
fingerprints. These fingerprints are semantically diverse and capture the essential
characteristics of the videos in the cluster. By focusing on the most divergent graphs, the
method ensures that the selected fingerprints are both informative and non-redundant,
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improving the accuracy and robustness of near-duplicate video detection across datasets with
temporal distortions.

The efficiency of the framework is governed by the number of video segments k and
the total number of videos N in the dataset. While traditional frame-sequence methods scale
linearly with the total number of frames, GBVFF scales based on semantically reduced graph
nodes, significantly decreasing the processing overhead. The complexity is presented in Table
1.

Table 1. Mathematical complexity analysis of the four primary stages of the GBVFF,
highlighting the scalability of the framework relative to dataset size N, cluster density K, and
feature dimensionality D.

Phase Algorithm Complexity Operational Description
Distance Graph  Object-wise | O (N*D) Computes  pairwise  semantic
Computation | Mean Canberra dissimilarity for N videos with

Distance feature dimensionality D.
Clustering L-Most  Convergent | ON?) Represents the worst-case scenario
Graph Clustering where every graph is compared
against all others during cluster
formation.
Divergence | Graph  Object-wise | O (K*D) Performed within clusters of size K.
Analysis Mean KL Divergence Since K= N, this phase is
significantly ~ faster than initial
clustering.
Fingerprint | M-Most  Divergent | O(N) A single pass through the
Selection Graph Sampling established clusters to select graphs
(Fingerprint Selection) meeting the canonical threshold.

Framework Implementation:

The Graph-Based Video Fingerprinting Framework (GBVFF) is implemented as a
modular pipeline designed to handle diverse video characteristics, including resolutions from
480p to 1080p and various durations. The process begins with Temporal Segmentation, where
each video V; is partitioned into semantically coherent segments using shot boundary
detection. These segments are then mapped to nodes ni in a graph representation Gi = (Nj,
E)). To capture rich visual and contextual information, semantic feature vectors are extracted
for each node using pretrained vision-language models. Crucially, the edges Ei encode
semantic relationships such as spatial co-occurrence and temporal proximity, ensuring the
structural essence of the video is preserved even if segments are reordered.

The core logic of the framework relies on quantifying semantic uniqueness through
the Graph Object-wise Mean Canberra Distance. This metric is specifically adapted for graph-
level features and remains invariant to node ordering. By calculating the mean Canberra
distance of a graph against all others in the dataset, the framework determines a uniqueness
score and a dynamic threshold. This threshold is then utilized in the L-Most Convergent
Graph Clustering algorithm to group near-duplicate content into clusters. This clustering
phase is highly effective at handling temporal distortions like frame drops or segment shuffling
because it prioritizes semantic similarity over linear sequential consistency.

Following clustering, the framework performs M-Most Divergent Graph Sampling to
select the final fingerprints. This selection process utilizes Kullback—Leibler (KL) Divergence
to measure the semantic spread within each cluster. By identifying graphs whose mean KL
divergence exceeds a normalized threshold, the framework selects "canonical fingerprints"
that capture the maximum semantic diversity of the cluster. This ensures that the generated
fingerprints are compact, non-redundant, and informative, which is critical for maintaining
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retrieval quality in real-world applications. The computational complexity for these stages, as
detailed in the technical documentation, scales efficiently with the number of videos N and
feature dimensions m, rather than the raw frame count.

Framework Evaluation:

For the evaluation of the proposed Graph-Based Video Fingerprinting Framework
(GBVFF), three datasets were utilized to cover a range of real-world scenarios and testing
conditions. The CC_WEB_VIDEO [20] dataset is a widely used benchmark for near-duplicate
video detection, comprising 12,790 videos across 24 diverse categories, providing a
comprehensive basis for assessing retrieval performance. Additionally, a custom dataset,
UQ_VIDEOQO, was constructed containing 1,000 videos specifically designed with intentional
temporal distortions, including segment reordering, frame dropping, and partial clip
extraction, to rigorously evaluate the robustness of the framework under challenging
conditions. Furthermore, a subset of YouTube-8M [21], consisting of 2,500 short videos, was
used to test the scalability and efficiency of the proposed method. Across all datasets, video
characteristics varied in resolution from 480p to 1080p, with durations ranging from 5 to 120
seconds, frame rates between 24 and 30 frames per second, and commonly used formats such
as MP4, AVI, and MOV. To simulate realistic content manipulation, temporal distortions were
applied in the form of segment reordering, frame dropping of 5-30% of frames, and partial
clip extraction retaining 30—70% of the original video segment. This diverse setup ensured a
comprehensive evaluation of the framework’s accuracy, robustness, and practical applicability.
Result and Discussion:

Experimental Setup:

The experimental setup involves a collection of video datasets, where each video Viis
first preprocessed by extracting frames at a fixed frame rate and segmenting them into
semantically coherent shots using shot boundary detection and scene understanding
techniques. Each segment is represented as a node nkin a graph Gi = (Ni, Ei), with edges Ei
encoding semantic relationships based on spatial co-occurrence, temporal proximity, and
feature similarity. Feature extraction is performed using pre-trained convolutional neural
networks (CNNSs) for visual features and transformer-based embeddings for textual or audio
metadata. The nodes are then clustered using spectral or community detection algorithms to
identify related segments, and similarity metrics such as cosine similarity or graph attention
networks (GATSs) are used to model inter-segment relationships. The reconstructed video
structure is evaluated by comparing retrieved or predicted segment sequences against ground
truth annotations using metrics such as precision, recall, F1-score, and normalized mutual
information. All experiments are executed on a workstation equipped with an NVIDIA GPU
(e.g., RTX 3090), 64 GB RAM, and Python-based frameworks including PyTorch, NetworkX,
OpenCV, and scikit-learn, ensuring reproducibility with fixed random seeds and standardized
dataset splits for training, validation, and testing.

Implementation:

The proposed Graph-Based Video Fingerprinting Framework (GBVFF) begins by
ingesting a collection of raw videos, which are first segmented into semantically coherent shots
using shot boundary detection and scene understanding techniques. For each segment, deep
visual features are extracted using pretrained models to capture both spatial and contextual
information, and the segments are then modeled as nodes in a semantic graph, with edges
encoding relationships such as temporal adjacency and semantic similarity. Each video graph
is embedded into a feature object space where graph-level Canberra distances are computed
to measure inter-video similarity, and these distances are used to perform L-most convergent
clustering, grouping semantically similar videos regardless of temporal order. Within each
cluster, Kullback—Leibler divergence is applied to select representative and non-redundant
fingerprints, which are stored in a fingerprint database for efficient near-duplicate detection
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and retrieval. As illustrated in Figure 3(b), videos are transformed from linear frame sequences
into graph-structured representations, where consecutive frames are grouped into segments
represented as nodes with aggregated visual features, and edges preserve semantic and
temporal relationships, ensuring robustness against segment reordering and frame loss. Figure
3(c) visualizes the clustering process using object-wise mean Canberra distance, in which
videos with distances below a dynamic threshold are grouped into the same cluster, forming
collections of semantically similar videos. Figure 3(d) demonstrates fingerprint selection within
each cluster based on mean KL divergence, where graphs exceeding a normalized divergence
threshold are chosen as canonical fingerprints, ensuring that selected fingerprints are both
representative and diverse while minimizing redundancy. Figures 3(e) and 3(f) compare
sequence-based and graph- based representations under temporal reordering, highlighting the
robustness of GBVFF, which maintains matching accuracy by capturing semantic
relationships instead of relying on strict temporal order, whereas traditional methods fail under
segment shuffling. Figure 3(g) presents comparative matching accuracy across multiple
datasets and distortion scenarios, showing that GBVFF consistently outperforms frame-
sequence-based methods, particularly in cases involving temporal reordering and frame
dropping. Figure 3(h) further illustrates that as temporal distortion intensity increases, GBVFEF
maintains stable accuracy while frame-based methods decline sharply, and indicating that
graph modeling effectively preserves high-level semantic information. Precision— recall curves
in Figure 3(1) demonstrate that GBVEFF achieves higher recall at most precision levels,
confirming its superior retrieval quality for near-duplicate videos. Finally, Figure 3(j) shows
that although graph construction and embedding introduce some overhead, the fingerprint
matching process is significantly faster than traditional methods due to the reduced number
of representative fingerprints, ensuring that GBVEFF balances robustness and computational
efficiency for large-scale multimedia retrieval.

Evaluation Metrics:

End-to-End Pipeline of Graph- Transformation of Video into Semantic Graph Representation Graph Clustering Using Selection of Representative Graphs
Based Video Fingerprinting Framework _ Canberra Distance using KL Divergence
P B " W N
Input Video Dataset VAl
S — Frame1 Frame2 Frame3 Frame4 Frame5 Frame6 Frame 10 C,

Video Segmentation ¥
: o D 1 - B MR ‘
Feature Extraction ‘. 2 v C;
s1 s2 s2 s3 sS4

Graph Construction

Sequence-Based vs Graph-Based Matching under Temporal Reordering

Canberra Distance Measure el e e @@ @@ 0 @@‘
i L-Fonwrget( Clustering ) m xn mxm m 0@@@@ @‘ °@ Q 0 @

— Graph Embedding —

= Mismatch

KL-Divergence Sampling Shuffled Sequence
T 11 T e
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Figure 3. End-to-end architecture of the proposed Graph-Based Video Fingerprinting
Framework (GBVFF), illustrating the transformation from raw video input to final graph-
based fingerprints used for retrieval and matching.
The performance of the proposed approach is evaluated using multiple quantitative
metrics to ensure comprehensive analysis. Matching accuracy measures the percentage of
correctly identified near-duplicate videos, reflecting the overall effectiveness of the system.
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Robustness assesses the model’s ability to maintain performance under various temporal
distortions, including segment reordering, frame dropping, and partial clip extraction, which
are common in real-world scenarios. Additionally, precision and recall are computed for each
dataset to evaluate retrieval quality, where precision indicates the correctness of retrieved
results and recall measures the system’s ability to identify all relevant instances. Finally,
processing time is analyzed to determine the computational efficiency of the proposed
method, with comparisons made against traditional frame-sequence-based approaches to
highlight improvements in speed and scalability. In this section, we present a quantitative and
qualitative evaluation of the Graph-Based Video Fingerprinting Framework (GBVFF). The
performance is benchmarked against four state-of-the-art baselines to demonstrate its
superiority in handling complex temporal manipulations.

To provide a rigorous assessment of the framework, we utilize a multi-dimensional
metric suite:

Accuracy (Acc): Measures the overall correctness of the identification process.

Precision (P) and Recall (R): Evaluate the retrieval quality and the system's ability to identify
all relevant near-duplicates.

F1-Score: The harmonic mean of precision and recall, representing the balance between the
two.

False Positive Rate (FPR): Quantifies the system’s tendency to incorrectly match non-
relevant content, a critical factor for copyright enforcement.

Comparative Performance Analysis:

The effectiveness of the GBVFF is compared against four baseline methodologies:
frame-based hashing, CNN-based spatiotemporal modeling, hashing-based retrieval, and
existing graph-based methods, as illustrated in Table 2.

Table 2. Comparative Performance against Baseline Methods

Method Accuracy | Precision | Recall | F1-Score | FPR

%) @ | D | %) | %

Frame-Based Method 78.3 74.6 71.2 72.8 21.5
CNN-Based Method 84.7 82.1 79.5 80.8 16.2
Hashing-Based Retrieval 81.9 79.4 75.8 77.5 18.7
Existing Graph-Based Method 86.2 83.7 81.4 82.5 14.9
Proposed GBVFF 92.6 90.3 88.8 89.4 10.8

As shown in Table 2, the proposed GBVFF significantly outperforms the strongest
baseline (existing graph-based methods) with a 12.4% improvement in accuracy and a 27.6%
reduction in false positives. This performance gain is attributed to our unique integration of
object-wise Canberra distance and KL-divergence-based sampling, which filters out semantic
noise that typically plagues traditional hashing.

Robustness to Temporal Distortions:

A key contribution of this work is the order-invariance of the fingerprints generated.
We evaluated robustness by applying varying levels of distortion, including frame reordering
and segment shuffling.

Table 3. Accuracy Evaluation under Incremental Temporal Distortions

Distortion Level | Frame-Based (%) | CNN-Based (%) | Proposed GBVFF (%)
No Distortion 90.2 93.5 97.1
Mild Distortion 81.4 88.2 96.3
Moderate 72.8 83.1 95.4
Severe 61.3 76.5 94.1

The results in Table 3 highlight the vulnerability of sequence-dependent models. While
frame-based methods experience a catastrophic decline in accuracy (dropping from 90.2% to
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61. 3%) the GBVFF remains highly stable, maintaining 94.1% accuracy even under severe

distortion.
Table 4. Comparative Performance across Diverse Distortion Scenarios on Benchmark
Datasets
Dataset Distortion GBVFF Frame-Seq Method | Improvement
Type Accuracy (%) Accuracy (%) (%)
CC_WEB_VIDEO | Reordering 95.2 82.5 +12.7
CC_WEB_VIDEO | Frame Dropping 93.6 78.4 +15.2
UQ_VIDEO Partial Clip 91.8 76.0 +15.8
Extraction
YouTube-8M Mixed Temporal 92.5 80.3 +12.2
Subset Distortions

The experimental evaluation in Table 4 demonstrates that the proposed Graph-Based
Video Fingerprinting Framework (GBVFF) consistently outperforms traditional frame-
sequence-based methods across multiple datasets and temporal distortion scenarios. On the
CC_WEB_VIDEO dataset, GBVFF achieved an accuracy of 95.2% under segment
reordering, significantly higher than the 82.5% obtained by conventional frame-sequence
approaches, reflecting a performance improvement of 12.7%. This indicates that the graph-
based representation effectively mitigates the adverse impact of temporal shuffling,
maintaining semantic similarity even when video segments are rearranged. Under the frame
dropping scenario on the same dataset, GBVFF recorded an accuracy of 93.6%, compared to
78.4% for the baseline, yielding a 15.2% improvement. The results highlight the robustness of
graph embeddings, which preserve semantic information despite missing frames.

On the UQ_VIDEO dataset, designed with partial clip extraction distortions, the
proposed framework achieved 91.8% accuracy, substantially outperforming the frame-
sequence method’s 76.0%, resulting in a 15.8% improvement. This demonstrates that GBVFEF
can effectively identify near-duplicate content even when only a portion of the original video
is available. Similarly, on the YouTube-8M subset, which contained a mixture of temporal
distortions, GBVFF maintained an accuracy of 92.5%, surpassing the 80.3% accuracy of
traditional methods and showing a 12.2% improvement. These results collectively indicate that
the proposed graph-based approach is not only robust to various types of temporal alterations
but also generalizes well across diverse datasets with different content characteristics.

Overall, the performance analysis confirms that modeling videos as semantic graphs,
combined with object-wise Canberra distance clustering and KI.-divergence-based fingerprint
selection, provides a significant advantage over sequence-dependent methods. The framework
achieves high matching accuracy, reduces false positives, and maintains retrieval quality under
challenging conditions, making it highly suitable for real-world multimedia retrieval and
copyright protection applications.

Observations are defined in the following:
GBVFF maintains high accuracy even under severe temporal distortions.

Graph-based representation provides order-independence, making it more robust than
frame-sequence approaches.

KL-divergence—based fingerprint selection effectively identifies representative video
segments, reducing false positives.

Discussion:

The experimental results validate that modeling video sequences as semantic graphs
provides a superior alternative to traditional linear sequence modeling, particularly in
environments prone to temporal manipulation. The primary finding of this study is the
remarkable stability of the Graph-Based Video Fingerprinting Framework (GBVFF) under
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structural distortions. While frame-based methods experienced a sharp decline in accuracy,
dropping to 61.3% under severe distortion, GBVFF maintained a consistent accuracy of
94.1%. This resilience is directly attributable to the use of graph structures and the Canberra
distance metric, which prioritize semantic presence and relationships over the specific
temporal index of frames. Unlike sequence-dependent models that fail when the expected
order is broken, GBVFF captures the semantic essence of the video, making it inherently
order-invariant.

The data illustrates a significant reduction in the False Positive Rate (FPR), which fell
to 10.8%, representing a compared to conventional frame-sequence approaches. This
improvement confirms that the M-Most Divergent Graph Sampling strategy effectively
identifies canonical fingerprints that are both informative and non-redundant. By selecting
graphs that maximize semantic spread within a cluster via Kullback—Leibler (KI) divergence,
the framework ensures that the resulting fingerprint set is highly discriminative, which is
critical for maintaining precision in large-scale retrieval tasks.

The consistency of results across the CC_WEB_VIDEO, UQ_VIDEO, and
YouTube-8M datasets demonstrates the generalizability of the framework. Notably, the 15.8%
improvement observed in the UQ_VIDEO dataset for partial clip extraction suggests that the
graph-based approach is particularly adept at handling "lossy" transformations where only 30—
70% of the content remains. This capability is essential for real-world applications like content
moderation, where only snippets of original content are often reused.

While the framework introduces technical complexity during the initial graph
construction and distance computation phases, involving a complexity of O (N*.D), this is
balanced by the efficiency of the sampling phase, which operates at O (N). Once the canonical
fingerprints are selected, the retrieval process is significantly optimized. Beyond the theoretical
gains, the GBVFF offers substantial practical value for copyright enforcement and industrial-
scale multimedia retrieval, as the low FPR allows platforms to automate content monitoring
with higher confidence. In conclusion, the GBVFF establishes a robust paradigm for video
fingerprinting by successfully decoupling semantic identification from temporal sequence.
Conclusion:

The experimental evaluation on benchmark video datasets confirms that the Graph-
Based Video Fingerprinting Framework (GBVFF) provides a significant advantage over
conventional sequence-dependent methods in terms of robustness and matching accuracy. By
modeling video sequences as semantic graphs rather than linear frame sequences, the proposed
approach effectively mitigates the performance degradation typically caused by temporal
distortions. The adaptation of object-wise mean Canberra distance for clustering and
Kullback—Leibler divergence for fingerprint selection ensures that the generated fingerprints
are both compact and invariant to temporal reordering.

Quantitative results demonstrate that the framework achieves high matching accuracy,
specifically recording a 95.2% accuracy under segment reordering on the CC_WEB_VIDEO
dataset. Furthermore, the system remains highly resilient even under severe distortions,
maintaining a 94.1% accuracy where traditional methods fail. These findings establish graph-
based modeling as a robust and flexible representation for real-world video fingerprinting
applications such as copyright protection, content moderation, and large-scale multimedia
retrieval. However, the method has certain limitations, including higher computational cost
and dependency on feature quality. Future optimization strategies can address scalability
concerns for large datasets.

Overall, the proposed framework provides a significant improvement over existing
techniques in terms of robustness and accuracy.

Future work will focus on expanding the framework through the integration of Graph
Neural Networks (GNNs) for automated feature learning and the exploration of multimodal
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graph extensions using audio-visual data. Additionally, we intend to investigate real-time

implementation strategies and optimization using approximate nearest neighbor techniques to

facilitate deployment in large-scale content monitoring systems.
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