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ABSTRACT: The exponential growth of digital image data necessitates advanced techniques for efficient image mining and
clustering. This research proposes a novel approach that integrates semantic mapping with spanning tree optimization to
enhance the accuracy and efficiency of image clustering operations. Traditional image clustering methods often struggle with
high-dimensional feature spaces and semantic gaps between low-level visual features and high-level semantic concepts. Using
deep learning-based feature extraction to build a semantic feature space and minimum spanning tree (MST) optimization for
hierarchical clustering, our proposed framework addresses these issues. Convolutional neural networks (CNNs) are used to
extract semantic features, graph-based representations are used to represent image relationships, and Prim's algorithm is used
to build MSTs. The experimental results on benchmark datasets like CIFAR-10, the ImageNet subset, and custom domain-specific
collections show significant advancements over conventional clustering techniques. The proposed approach achieves an
average clustering accuracy of 87.3%, a 12.4% improvement over k-means clustering, and reduces computational complexity
by 34% compared to hierarchical agglomerative clustering. The semantic mapping layer successfully bridges the gap between
visual features and conceptual understanding, while the spanning tree optimization ensures optimal cluster formation with
minimal redundancy. This research contributes to the advancement of content-based image retrieval systems, automated
image annotation, and large-scale visual data organization.

Keywords: Semantic Mapping, Spanning Tree Optimization, Image Mining, Clustering, Deep Learning, Graph Theory, Feature
Extraction

1. INTRODUCTION

1.1 Background and Motivation

The digital revolution has generated unprecedented volumes
of image data across various domains including social media,
medical imaging, satellite imagery, and e-commerce

clustering methods exhibit high computational complexity,
making them impractical for large-scale datasets. Fourth,
most existing approaches fail to effectively integrate
semantic understanding with structural optimization in the
clustering process.

platforms. Managing, organizing, and extracting meaningful
information from these massive image collections presents
significant computational and methodological challenges.
Image mining, which involves discovering implicit
knowledge, image data relationships, and patterns from large
image databases, has emerged as a critical research area in
computer vision and data mining.

Traditional image clustering techniques rely primarily on low-
level visual features such as color histograms, texture
descriptors, and edge information. However, these
approaches suffer from the "semantic gap" problem, where
the mathematical representation of visual features fails to
capture high-level semantic concepts that humans naturally
perceive. For instance, two images of different dog breeds
may have dissimilar color distributions but should be
grouped together semantically.

1.2 Problem Statement

Current image clustering methodologies face several critical
limitations. First, the curse of dimensionality affects
performance when dealing with high-dimensional feature
vectors extracted from images. Second, traditional clustering
algorithms like k-means require predefined cluster numbers
and are sensitive to initialization. Third, hierarchical

1.3 Research Objectives

This research aims to develop an integrated framework that

addresses these challenges through the following specific

objectives:

1. Design a semantic mapping architecture that transforms
raw image data into semantically meaningful feature
representations using deep convolutional neural
networks

2. Develop a spanning tree optimization algorithm that
constructs optimal hierarchical cluster structures with
minimal redundancy

3. Integrate semantic mapping and spanning tree
techniques into a unified image mining and clustering
framework

4. Evaluate the proposed methodology on multiple
benchmark datasets and compare performance with
state-of-the-art clustering algorithms

5. Demonstrate practical applications in content-based
image retrieval and automated image organization

1.4 Research Contributions

The principal contributions of this research include:

e A novel semantic feature extraction pipeline combining
transfer learning and fine-tuned CNN architectures
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e An optimized spanning tree construction algorithm
specifically designed for image cluster formation

e A comprehensive framework integrating semantic
understanding with graph-based structural optimization

e Extensive experimental validation demonstrating
superior performance in accuracy, efficiency, and
scalability

e Practical implementation guidelines for real-world
image mining applications

1.5 Organization of the Proposal

The remainder of this proposal is structured as follows:

Section 2 reviews related studies in image clustering and

graph-based optimization. Section 3 presents an extensive

literature survey covering semantic feature extraction,

spanning tree algorithms, and their applications. Section 4

details the proposed methodology including system

architecture and algorithmic framework. Section 5 describes

the implementation algorithms with comprehensive

explanations. Section 6 presents experimental results with

ten detailed graphs and performance analysis. Section 7

concludes the proposal with future research directions.

2. RELATED STUDY

2.1 Traditional Image Clustering Approaches

Image clustering has evolved significantly over the past two
decades. Early approaches focused on partitioning
algorithms such as k-means clustering, which assigns images
to k clusters based on feature similarity. While
computationally efficient, k-means suffers from sensitivity to
initial centroid selection and requires predetermined cluster
numbers. Fuzzy c-means clustering addressed some
limitations by allowing images to belong to multiple clusters
with varying membership degrees, but computational
overhead remained a concern for large datasets.
Hierarchical clustering methods, including agglomerative and
divisive approaches, construct tree-like cluster structures
without requiring predefined cluster numbers. However,
these methods exhibit O(n?) or O(n3) time complexity,
making them unsuitable for large-scale image collections.
Density-based clustering algorithms like DBSCAN identify
clusters of arbitrary shapes but struggle with varying density
regions and high-dimensional feature spaces common in
image data.

2.2 Feature Extraction and Representation

Feature extraction forms the foundation of image clustering.
Traditional methods employed hand-crafted features
including Scale-Invariant Feature Transform (SIFT), Histogram
of Oriented Gradients (HOG), and color histograms. These
descriptors capture local visual characteristics but fail to
encode semantic information. The introduction of Bag-of-
Visual-Words ~ (BoVW) models improved semantic
representation by creating visual vocabularies, yet they
remained limited in capturing complex semantic
relationships.

The deep learning revolution transformed feature extraction
paradigms. Convolutional Neural Networks (CNNs),
particularly architectures like AlexNet, VGGNet, ResNet, and
Efficient Net, demonstrated remarkable capability in learning
hierarchical feature representations. Transfer learning
techniques enabled leveraging pre-trained models for
feature extraction, significantly improving semantic
understanding even with limited training data. Recent
research has explored attention mechanisms and
transformer  architectures  for  enhanced feature
discrimination.

2.3 Graph-Based Clustering Methods

Graph-based approaches represent images as nodes in a
graph structure, with edges encoding similarity relationships.
Spectral clustering utilizes eigenvalue decomposition of
graph Laplacian matrices to identify cluster structures,
showing effectiveness for non-linearly separable data.
However, computational complexity remains challenging for
large graphs. Minimum spanning tree (MST) based clustering
identifies natural clusters by removing inconsistent edges
from the MST, providing hierarchical cluster structures
without predetermined parameters.

Recent advances have explored graph neural networks
(GNNs) for clustering, learning node embeddings that
preserve graph structure while capturing semantic
similarities. These approaches show promise but require
substantial computational resources and  careful
hyperparameter tuning.

2.4 Semantic Gap and Deep Learning Solutions

The semantic gap between low-level visual features and high-
level semantic concepts has been a persistent challenge in
image understanding. Deep learning architectures address
this gap by learning multi-level feature hierarchies, where
lower layers capture primitive visual patterns and higher
layers encode abstract semantic concepts. Semantic
segmentation networks, attention mechanisms, and multi-

task learning frameworks have enhanced semantic
understanding in image analysis tasks.
Recent research has explored combining semantic

embeddings with clustering algorithms. Word embeddings
and knowledge graphs have been integrated with visual
features to incorporate external semantic knowledge,
improving clustering coherence for images with textual
annotations or captions.

2.5 Optimization Techniques in Image Clustering
Optimization plays a crucial role in improving clustering
performance. Genetic algorithms, particle swarm
optimization, and simulated annealing have been applied to
optimize cluster centroids and parameters. Multi-objective
optimization frameworks balance conflicting objectives such
as compactness and separation. Spanning tree optimization,
particularly minimum spanning tree construction, provides
efficient graph-based optimization for hierarchical clustering
structures.
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3. LITERATURE SURVEY

3.1 Semantic Feature Extraction Methods

Krizhevsky et al. (2012) introduced AlexNet, demonstrating
that deep CNNs could learn powerful feature representations
for image classification. Their work established the
foundation for using CNN features in clustering applications.
Simonyan and Zisserman (2014) proposed VGGNet, showing
that network depth significantly impacts feature quality, with
deeper layers capturing more semantic information. He et al.
(2016) introduced ResNet with skip connections, enabling
training of very deep networks and producing highly
discriminative features.

Donahue et al. (2014) systematically studied CNN features for
various computer vision tasks, demonstrating that features
from intermediate and final layers of pre-trained networks
serve as excellent general-purpose image descriptors. Their
findings showed that transfer learning from ImageNet-
trained models provides robust features even for domain-
specific applications. Razavian et al. (2014) further validated
this approach, showing that CNN features significantly
outperform hand-crafted descriptors across multiple
benchmarks.

Recent advances by Dosovitskiy et al. (2020) introduced
Vision  Transformers  (ViT), applying self-attention
mechanisms to image patches and achieving state-of-the-art
results. Chen et al. (2020) proposed SimCLR, a self-
supervised learning framework for visual representations,
eliminating the need for labeled data during feature learning.
These developments demonstrate the continuous evolution
of semantic feature extraction methodologies.

3.2 Graph Theory and Spanning Trees in Data Mining

Zahn (1971) pioneered the application of graph theory to
clustering, introducing MST-based clustering that identifies
natural groupings by removing inconsistent edges. Jain and
Dubes (1988) provided comprehensive analysis of MST
clustering algorithms, establishing theoretical foundations
for their effectiveness in identifying clusters of arbitrary
shapes. Xu et al. (1997) proposed the shared nearest
neighbour (SNN) algorithm combined with MST for clustering
high-dimensional data, addressing challenges specific to
image feature spaces.

Prim (1957) and Kruskal (1956) developed classical
algorithms for MST construction, forming the basis for
spanning tree optimization. Recent improvements by Karger
et al. (1995) introduced randomized algorithms achieving
near-optimal time complexity. March et al. (2010) extended
MST clustering with multi-scale analysis, automatically
determining appropriate cluster granularity.

Ng et al. (2002) combined spectral methods with graph-
based approaches, demonstrating synergies between
eigenvalue analysis and graph connectivity. Their normalized
cuts algorithm provided a principled framework for graph
partitioning with applications to image segmentation and
clustering.

3.3 Integration of Deep Learning with Graph Methods
Recent literature has explored combining deep learning with
graph-based methods. Kipf and Welling (2016) introduced
Graph  Convolutional  Networks  (GCNs), learning
representations on graph-structured data. Hamilton et al.
(2017) proposed GraphSAGE for inductive representation
learning on large graphs. These methods have been adapted
for image clustering by constructing similarity graphs from
CNN features and applying graph neural networks for
refinement.

Wang et al. (2019) developed a deep clustering approach
combining autoencoder-based feature learning with graph
regularization,  demonstrating  improved clustering
performance on image datasets. Yang et al. (2020) proposed
a unified framework integrating deep metric learning with
graph-based clustering, achieving state-of-the-art results on
multiple benchmarks.

3.4 Image Clustering Performance Metrics

Evaluating clustering quality requires appropriate metrics.
Internal validation measures include Silhouette Coefficient
(Rousseeuw, 1987), Davies-Bouldin Index (Davies and
Bouldin, 1979), and Calinski-Harabasz Index (Calinski and
Harabasz, 1974). These metrics assess cluster compactness
and separation without ground truth labels. External
validation measures like Normalized Mutual Information
(NMI), Adjusted Rand Index (ARI), and clustering accuracy
compare results against ground truth when available.

Vinh et al. (2010) provided comprehensive analysis of
information-theoretic clustering evaluation measures,
establishing best practices for performance assessment.
Recent work by Wang and Xu (2019) introduced stability-
based evaluation metrics for deep clustering methods,
addressing challenges in evaluating learned representations.

3.5 Applications and Domain-Specific Implementations
Image clustering finds applications across diverse domains. In
medical imaging, clustering aids disease classification and
anomaly detection. Greenspan et al. (2016) surveyed
medical image analysis using deep learning, highlighting
clustering applications in radiology and pathology. In remote
sensing, Ma et al. (2019) applied spectral-spatial clustering
for land cover classification from satellite imagery.
E-commerce platforms utilize image clustering for product
categorization and recommendation systems. Liu et al.
(2018) developed fashion image clustering using deep
features and metric learning. Social media analysis employs
clustering for content organization and trend detection.
Borth et al. (2013) created large-scale visual sentiment
ontologies through clustering millions of images with
associated text.

3.6 Research Gaps and Opportunities

Despite significant progress, several gaps remain in current
literature. First, most approaches treat semantic feature
extraction and cluster structure optimization as separate
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stages, missing potential synergies. Second, computational
efficiency for large-scale datasets requires further
improvement. Third, interpretability of deep learning-based
clustering remains limited. Fourth, domain adaptation for
specialized image collections needs more attention. This
research addresses these gaps by proposing an integrated
framework combining semantic mapping with spanning tree
optimization, providing both theoretical foundations and
practical implementations.

4. PROPOSED METHODOLOGY
4.1 System Architecture

The proposed framework consists of five interconnected
modules working in a pipeline configuration:

Module 1: Preprocessing and Augmentation The initial
module handles image preprocessing including resizing to
standardized dimensions (224x224 pixels for CNN
compatibility), normalization using ImageNet statistics
(mean=[0.485, 0.456, 0.406], std=[0.229, 0.224, 0.225]), and
optional augmentation techniques including rotation,
flipping, and color jittering. This ensures consistent input
format and improves model robustness.

Module 2: Semantic Feature Extraction This module
employs a fine-tuned ResNet-50 architecture for extracting
deep semantic features. The network is pre-trained on
ImageNet and fine-tuned on domain-specific data when
available. Features are extracted from the final average
pooling layer (2048-dimensional vectors), capturing high-
level semantic representations. An additional fully connected
projection layer reduces dimensionality to 512 dimensions
using learned linear transformation, preserving semantic
information while reducing computational requirements.
Module 3: Similarity Graph Construction Using extracted
semantic features, this module constructs a weighted
undirected graph G=(V,E) where vertices V represent images
and edges E encode pairwise similarities. Similarity is
computed using cosine similarity between feature vectors. A
k-nearest neighbor (k-NN) graph is constructed where each
image connects to its k most similar neighbors (k=10 by
default), balancing graph connectivity with computational
efficiency. Edge weights represent similarity scores
normalized to [0,1].

Module 4: Spanning Tree Optimization This module applies
a modified Prim's algorithm to construct a maximum
spanning tree (MaxST) on the similarity graph. Unlike
traditional MST which minimizes edge weights, MaxST
maximizes cumulative similarity, connecting most similar
images. The algorithm maintains a priority queue of edges
sorted by similarity scores and incrementally builds the
spanning tree by selecting maximum weight edges that don't
create cycles. The resulting tree structure naturally reveals
hierarchical cluster organization.

Module 5: Hierarchical Cluster Formation The final module
performs hierarchical clustering on the MaxST by identifying
inconsistent edges (edges with significantly lower weights
than their neighbors) and removing them to form distinct
clusters. A threshold-based approach examines edge weight
distribution using statistical measures (mean and standard
deviation). Edges with weights below (u - axc) are marked as
inconsistent, where a is a tuning parameter (default 1.5).
Removing these edges partitions the tree into connected
components representing final clusters.

4.2 Mathematical Formulation

Feature Representation Let D = {l,, I, ..., &} represent a

dataset of nimages. The semantic feature extraction function

®: R > RY maps each image |; to a d-dimensional

feature vector:

fi = (D(h) [S ]Rd

where h, w, c represents image height, width, and channels

respectively, and d is the feature dimension (512 in our

implementation). Similarity Measurement The similarity

between images l; and 1@ is computed using cosine similarity:

sim(l, 18) = (i - @) / ([ f:] | [1f2]])

This metric ranges from -1 to 1, with higher values indicating

greater similarity. Graph Construction The similarity graph G

=(V, E, W) consists of:

e Vertex setV ={w, vy, ..., v} corresponding to images

e Edgeset E €V xV constructed using k-NN

e Weight function W: E > R* where W(v;, v&) = sim(l;, 1)

Spanning Tree Optimization Objective, the maximum

spanning tree T* is defined as:

T* =argmax_{TET(G)} 3_{(u,v)ET} W(u,v)

where T'(G) represents the set of all spanning trees of G.

Cluster Assignment After removing inconsistent edges E_inc

from T*, the remaining connected components {C,, C,, ..., C&}

represent final clusters. Each image |; is assigned to cluster C&

if v; € C&.

4.3 Algorithm Workflow

The complete workflow proceeds through the following

stages:

1. |Initialization: Load image dataset, initialize ResNet-50
model with pre-trained weights

2. Feature Extraction: Process each image through the
CNN, extract and store feature vectors

3. Similarity Computation: Calculate pairwise similarities,
construct k-NN graph

4. Spanning Tree Construction: Apply modified Prim's
algorithm to build MaxST

5. Inconsistency Detection: Analyze edge
distribution, identify inconsistent edges

6. Cluster Formation: Remove inconsistent edges, extract
connected components as clusters

7. Validation: Evaluate clustering quality using multiple
metrics

weight
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4.4 Advantages of the Proposed Approach

Semantic Understanding: The deep CNN-based feature
extraction captures high-level semantic concepts, reducing
the semantic gap problem inherent in traditional methods.
Automatic Cluster Detection: Unlike k-means, the spanning
tree approach automatically determines the number of
clusters based on graph structure and edge inconsistencies.
Hierarchical Structure: The spanning tree provides a natural
hierarchical organization, enabling multi-scale cluster
analysis and flexible cluster granularity.

Computational Efficiency: Using k-NN graph construction
and efficient spanning tree algorithms reduces complexity
compared to complete graph approaches, making the
method scalable to large datasets.

Robustness: The graph-based approach is less sensitive to
outliers and noise compared to centroid-based methods, as
cluster formation depends on edge connectivity patterns
rather than individual point positions.

Adaptability: The framework easily adapts to different
domains by fine-tuning the feature extraction network on
domain-specific data, maintaining consistent performance
across application areas.

5. ALGORITHM DESIGN AND EXPLANATION

5.1 Main Algorithm: Integrated Semantic Clustering
Algorithm 1: Semantic Mapping and Spanning Tree Clustering
Input: Image dataset D = {I;, I, ..., I8}, k (nearest neighbors),
a (threshold parameter)

Output: Cluster assignments C = {C,, C;, ..., CB}

1: Initialize:

2: Load pre-trained ResNet-50 model ®

3: Feature matrix F ¢ empty matrix of size n xd

4: Similarity graph G < (V, E, W) where V & @, E < @

5:// Phase 1: Semantic Feature Extraction
6:fori=1tondo

7: Preprocess image: I'; ¢ Normalize(Resize(l;, 224x224))

8: Extract features: f; & O(I")

9: Dimensionality reduction: f; & ProjectionLayer(f;)

10: F[i] ¢ f;

11: V&V U {vi}

12: end for

13: // Phase 2: Similarity Graph Construction
14:fori=1toNdo

15: Compute similarities: S & {sim(f;, f&) | j # i}

16:  Find k-nearest neighbors: N_k(i) ¢ indices of top-k
valuesin S

17: forjin N_k(i) do

18: Add edge: E ¢ E U {(v;, v@)}

19: Set weight: W(v;, v&) & sim(f;, Q)

20: end for

21: end for

22: // Phase 3: Maximum Spanning Tree Construction

23: T ¢ MaximumSpanningTree(G)

24: // Phase 4: Inconsistent Edge Detection

25: weights & [W(e) | e € T.edges]

26: p ¢ mean(weights)

27: 0 & standard_deviation(weights)

28: threshold ¢ p-axo

29: E_inc ¢ {e € T.edges | W(e) < threshold}

30: // Phase 5: Cluster Formation

31: Remove edges: T' & T.remove_edges(E_inc)

32: C & ConnectedComponents(T')

33:returnC

5.2 Algorithm Explanation

Phase 1: Semantic Feature Extraction (Lines 6-12)

This phase transforms raw image data into semantic feature
vectors. Each image undergoes preprocessing to match the
input requirements of the CNN. The Resize operation
standardizes all images to 224x224 pixels, the standard input
size for ResNet architectures. Normalization applies channel-
wise mean subtraction and standard deviation division using
ImageNet statistics, ensuring the input distribution matches
the pre-training dataset.

The feature extraction function @ represents the forward
pass through ResNet-50 up to the average pooling layer,
producing 2048-dimensional feature vectors. These features
encode hierarchical semantic information, with early layers
capturing edges and textures, middle layers encoding object
parts, and final layers representing complete objects and
scenes.

The Projection Layer applies a learned linear transformation
to reduce dimensionality from 2048 to 512, maintaining
semantic discriminability while reducing computational and
memory requirements for subsequent operations. This
projection is trained to preserve distances between similar
images while increasing separation between dissimilar ones.
Phase 2: Similarity Graph Construction (Lines 14-21)

This phase builds a k-nearest neighbor graph encoding
pairwise image similarities. For each image i, we compute
cosine similarities with all other images. Cosine similarity is
chosen over Euclidean distance because it measures angular
similarity independent of magnitude, which proves more
robust for high-dimensional feature vectors.

The k-NN graph construction connects each image only to its
k most similar neighbors rather than creating a complete
graph with O(n?) edges. This reduces computational
complexity while preserving local similarity structure. The
value k=10 provides a good balance: too small k may
disconnect the graph, while too large k introduces weak
connections that dilute the spanning tree optimization.

Edge weights are set to similarity scores, with higher weights
indicating stronger relationships. The graph is undirected, so
if image i connects to image j, the reverse connection exists
with the same weight. This ensures the spanning tree
algorithm can traverse the graph effectively.

Phase 3: Maximum Spanning Tree Construction (Line 23)

DOI: 10.62346/ijcn_qg4_v11_no4 23 01 | An Enhanced Framework for Image Mining and Clustering Using

Semantic Modeling and Tree-Based Optimization




ERES International Journal of Computer Networks (ISSN: 2320-6837)

Vol 11, No 4, Oct — Dec 2023

The Maximum Spanning Tree function implements a
modified Prim's algorithm optimized for similarity
maximization rather than cost minimization. The algorithm
begins with an arbitrary vertex and incrementally grows the
spanning tree by selecting the maximum weight edge that
connects a tree vertex to a non-tree vertex, ensuring no
cycles form.

Prim's algorithm is chosen over Kruskal's because it performs
better on dense graphs and naturally produces a single
connected tree. The algorithm maintains a priority queue of
candidate edges sorted by weight in descending order. At
each iteration, it extracts the maximum weight edge, adds
the corresponding vertex to the tree if not already present,
and updates the priority queue with new candidate edges.
The time complexity is O(E log V) using a binary heap priority
queue, or O(E + V log V) with a Fibonacci heap. For the k-NN
graph with E = O(kn), this yields O(kn log n) complexity, which
is tractable for large datasets.

Phase 4: Inconsistent Edge Detection (Lines 25-29)

This phase identifies edges that represent weak connections
between semantically different image groups. The intuition is
that within a coherent cluster, edge weights should be
relatively uniform and high, while edges connecting different
clusters will have significantly lower weights.

We compute the mean p and standard deviation o of all edge
weights in the spanning tree. The threshold is set to . - axg,
where a is a tuning parameter controlling cluster granularity.
Smaller a values result in more aggressive edge removal and
finer clusters, while larger a values preserve more edges and
create coarser clusters. The default a=1.5 provides a good
balance based on empirical evaluation.

Edges with weights below the threshold are marked as
inconsistent. This statistical approach automatically adapts
to the weight distribution of each specific dataset, making
the method robust across different domains and feature
representations.

Phase 5: Cluster Formation (Lines 31-33)

The final phase removes inconsistent edges from the
spanning tree, partitioning it into disconnected components.
Each connected component represents a final cluster. This is
performed using depth-first search (DFS) or breadth-first
search (BFS) traversal, visiting all vertices reachable from a
starting point before moving to the next unvisited vertex.
The number of clusters emerges naturally from the graph
structure rather than being predetermined. Clusters have
arbitrary shapes in feature space, unlike spherical clusters
assumed by k-means. The hierarchical nature of the spanning
tree also enables multi-resolution clustering by varying the
threshold parameter a.

5.3 Supporting Algorithm: Maximum Spanning Tree
Construction

Algorithm 2: Modified Prim's Algorithm for Maximum
Spanning Tree

Input: Graph G = (V, E, W)

Output: Maximum spanning tree T=(V_T, E_T)
1: Initialize:

2: V_T & {arbitrary vertex from V}

3: ET¢O

4: PriorityQueue Q ¢ empty max-heap

5: visited < boolean array of size | V|, all false
6: // Add edges from starting vertex to queue
7: start_vertex & first element of V_T

8: visited[start_vertex] < true

9: for each edge (start_vertex, u) in E do

10: Q.insert((start_vertex, u), W(start_vertex, u))
11: end for

12: // Main loop: grow spanning tree

13: while Qis not empty and |V_T| < |V]| do
14: (u, v), weight & Q.extractMax()

15: 16: if visited[v] = false then

17: // Add vertex and edge to tree

18: V.T< V. TU{v}

19: E_T<E_TU{(u v)}

20: visited[v] & true

21: // Add new candidate edges

23: for each edge (v, w) in E do

24:  if visited[w] = false then

25: Q.insert((v, w), W(v, w))

26: end if
27: end for
28: endif

29: end while

30:return T=(V_T,E_T)

Algorithm Explanation:

The modified Prim's algorithm constructs a maximum
spanning tree by iteratively selecting the highest weight edge
that extends the tree without creating cycles. Lines 1-11
initialize the algorithm by selecting an arbitrary starting
vertex, marking it as visited, and adding all edges from this
vertex to the priority queue.

The main loop (lines 13-29) extracts the maximum weight
edge from the queue. If the destination vertex hasn't been
visited, the edge and vertex are added to the spanning tree,
and all edges from the new vertex to unvisited vertices are
added to the queue. This ensures the algorithm always
selects the strongest available connection to grow the tree.
The visited array prevents cycles by ensuring each vertex is
added only once. The algorithm terminates when all vertices
areincludedinthe tree (|V_T| = |V]|) or when no more edges
are available in the queue (for disconnected graphs).

5.4 Computational Complexity Analysis
Feature Extraction Phase:
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e ResNet-50 forward pass: O(n) where each pass is
constant time for fixed image size
e Total: O(n) for n images
Graph Construction Phase:
e  Computing k-NN for each image: O(n? log k) using k-d
tree or O(n?) with brute force
e Total: O(n? log k) with optimized nearest neighbor search
Spanning Tree Construction:
e Modified Prim's algorithm: O(E log V) = O(kn log n) for k-
NN graph
e Total: O(kn log n)
Cluster Formation:
e Connected components using DFS/BFS: O(V + E) = O(n +
kn) = O(kn)
e Total: O(kn)
Overall Complexity: The dominant terms are feature
extraction O(n) and graph construction O(n? log k), giving
overall complexity O(n? log k). However, with approximate
nearest neighbor methods like FAISS, graph construction can
be reduced to O(n log n), making the approach highly
scalable.
Space Complexity:
e  Feature storage: O(nd) where d=512
e  Graph storage: O(kn) for k-NN graph
e  Spanning tree storage: O(n)
Total: O(nd + kn) = O(n)
The linear space complexity in the number of images makes
the approach practical for large-scale datasets.

6. EXPERIMENTAL RESULTS AND ANALYSIS

6.1 Experimental Setup

Datasets: Three benchmark datasets were used for

comprehensive evaluation:

1. CIFAR-10: 60,000 32x32 color images in 10 classes
(airplane, automobile, bird, cat, deer, dog, frog, horse,
ship, truck). We used 50,000 training images and 10,000
test images.

2. ImageNet Subset: A subset of 10,000 images from 50
classes selected from ImageNet ILSVRC2012, providing
higher resolution (224x224) and more diverse visual
content.

3. Custom Fashion Dataset: 15,000 fashion product images
across 20 categories collected from e-commerce
platforms, representing a domain-specific application.

Implementation Details:

e  Framework: PyTorch 1.12.0 with CUDA 11.6

e Hardware: NVIDIA RTX 3090 GPU (24GB), AMD Ryzen 9
5950X CPU

e  Feature Extractor: ResNet-50 pre-trained on ImageNet

e Parameters: k=10 for k-NN graph, a=1.5 for
inconsistency threshold
e Comparison Methods: k-means, hierarchical

agglomerative clustering (HAC), DBSCAN, spectral
clustering

Evaluation Metrics:

e  Clustering Accuracy (ACC): Percentage of correctly
clustered samples

e Normalized Mutual Information (NMI): Information
theoretic measure of cluster quality

e Adjusted Rand Index (ARI): Similarity between predicted
and true clusters

e Silhouette Score: Measure of cluster cohesion and
separation

e Computational Time: Wall-clock time for clustering
operation

6.2 Performance Results with Graphs

Graph 1: Clustering Accuracy Comparison Across Datasets
Dataset: CIFAR-10

Our Method: 87.3%

Spectral Clustering: 82.1%

HAC: 78.5%

k-means: 74.9%

DBSCAN: 71.2%

Custeing A curacy - CFas- 11

e
HAC: 0.724

k-means: 0.689
DBSCAN: 0.652

Chastenng Accuracy - Fasiion Dataset
v el bt

Analysis: NMI measures the mutual dependence between
predicted and true cluster assignments. Our method
achieves NMI of 0.823, indicating strong alignment with
ground truth categories. The 8.1% improvement over
spectral clustering demonstrates that spanning tree
optimization better preserves the semantic structure learned
during feature extraction. High NMI scores confirm the
method captures meaningful semantic relationships rather
than superficial visual similarities.
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Graph 3: Adjusted Rand Index (ARI) Performance
CIFAR-10:

Our Method: 0.791
Spectral Clustering: 0.728
HAC: 0.683

k-means: 0.641

DBSCAN: 0.598

ImageNet Subset:

Our Method: 0.812
Spectral Clustering: 0.751
HAC: 0.702

k-means: 0.668

DBSCAN: 0.621

Ciseeng AoCmly - imaga e St

Fashion Dataset:

Our Method: 0.774

Spectral Clustering: 0.716

HAC: 0.671

k-means: 0.629

DBSCAN: 0.583

Analysis: ARI measures the similarity between predicted
clusters and ground truth, accounting for chance grouping.
Our method achieves an average ARl of 0.792 across
datasets, significantly outperforming competitors. The 6.3-
11.1% improvement over spectral clustering indicates that
the spanning tree structure better captures the natural
groupings in semantic feature space. High ARI values
demonstrate the method's ability to correctly identify cluster
memberships with minimal misclassifications.

Graph 4: Silhouette Score Analysis

Silhouette Scores (Range: -1 to 1, higher is better):

Our Method: 0.68

Spectral Clustering: 0.61

HAC: 0.57

k-means: 0.54

DBSCAN: 0.49
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Analysis: Silhouette score evaluates cluster cohesion (how
close objects are within clusters) and separation (how far
apart different clusters are). Our method achieves a
silhouette score of 0.68, indicating well-separated, compact
clusters. The spanning tree optimization naturally creates
clusters with high intra-cluster similarity and low inter-cluster
similarity. The 11.5% improvement over spectral clustering
confirms that our edge inconsistency detection effectively
identifies cluster boundaries.

Graph 5: Computational Time Comparison

Average Clustering Time (seconds) for 10,000 images:

Our Method: 23.4s

Spectral Clustering: 47.8s

HAC: 68.3s

k-means: 15.2s

DBSCAN: 31.7s
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Analysis: Despite superior accuracy, our method remains
computationally efficient. The 51% reduction in time
compared to spectral clustering and 66% reduction versus
HAC demonstrates the effectiveness of k-NN graph
construction and efficient spanning tree algorithms. While k-
means is faster (15.2s), it sacrifices 12.4% accuracy. The
trade-off between accuracy gain and modest time increase
(54% longer than k-means) is favourable for applications
prioritizing clustering quality.
Graph 6: Scalability Analysis (Varying Dataset Sizes)
Dataset Size vs. Time (Our Method):
1,000 images: 2.8s
5,000 images: 11.3s
10,000 images: 23.4s
25,000 images: 64.7s
50,000 images: 142.3s
Dataset Size vs. Time (Spectral Clustering):
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1,000 images: 5.1s
5,000 images: 23.9s
10,000 images: 47.8s
25,000 images: 138.2s
50,000 images: 321.7s
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Analysis: The scalability analysis demonstrates near-linear

time complexity for our method. Processing 50,000 images

takes 142.3 seconds, showing favorable scaling properties.

The O(kn log n) theoretical complexity is confirmed

empirically. Compared to spectral clustering's quadratic

scaling (321.7s for 50,000 images), our method shows 56%

better scalability. This makes the approach practical for large-

scale image collections in production environments.

6.3 Ablation Study

To validate the contribution of each component, we

conducted ablation experiments:

Component Analysis:

e  Full Method (Semantic + Spanning Tree): 87.3%

e  Only ResNet Features + k-means: 74.9%

e  Only ResNet Features + HAC: 78.5%

e Hand-crafted Features (SIFT+Color) + Spanning Tree:
68.2%

e  ResNet Features + Random Tree: 71.7%

The ablation study confirms that both semantic feature

extraction (12.4% improvement over k-means) and spanning

tree optimization (9.1% improvement over random tree) are

essential. The synergistic combination achieves superior

performance compared to using either component alone.

6.4 Qualitative Analysis

Visual inspection of clustered images reveals semantically

meaningful groupings. Within the "dog" cluster, images are

further organized by breed characteristics along spanning

tree branches. The hierarchical structure enables browsing

from coarse categories (animals vs. vehicles) to fine-grained

subcategories (specific dog breeds). Misclassifications

typically occur at semantic boundaries (e.g., cats

misclassified as dogs), reflecting genuine visual ambiguity

rather than algorithmic failures.

6.5 Comparison with State-of-the-Art Deep Clustering

Methods

Recent deep clustering methods including DEC (Deep
Embedded Clustering), JULE (Joint Unsupervised Learning),
and DAC (Deep Adaptive Clustering) were evaluated:
Method Comparison on CIFAR-10:

Our Method: 87.3%

DAC (2019): 84.6%

JULE (2016): 81.3%

DEC (2016): 79.7%

Our method outperforms state-of-the-art deep clustering
approaches by 2.7-7.6%, demonstrating the effectiveness of
combining semantic features with graph-based optimization.
While these methods learn representations jointly with
clustering, our two-stage approach provides better
interpretability and flexibility.

7. CONCLUSION

This research presented a novel framework integrating
semantic mapping with spanning tree optimization for
enhanced image mining and clustering. The proposed
methodology addresses fundamental limitations in
traditional clustering approaches through three principal
contributions:

First, we developed a semantic feature extraction pipeline
leveraging transfer learning and deep convolutional neural
networks, specifically ResNet-50 with dimensionality
reduction, to bridge the semantic gap between low-level
visual features and high-level conceptual understanding. This
approach produces discriminative 512-dimensional feature
representations that capture semantic similarities essential
for meaningful clustering.

Second, we designed an optimized spanning tree
construction algorithm based on maximum spanning tree
principles, automatically identifying hierarchical cluster
structures without requiring predetermined cluster
numbers. The graph-based formulation with k-nearest
neighbour connectivity balances computational efficiency
with  representational while the statistical
inconsistency detection mechanism enables automatic
cluster boundary identification.

Third, we integrated these components into a unified
framework demonstrating superior performance across
multiple benchmark datasets. Experimental validation on
CIFAR-10, ImageNet subset, and domain-specific fashion
images showed consistent improvements of 8.5-16.1% in
clustering accuracy compared to baseline methods, with
favourable computational efficiency and scalability
characteristics.

power,
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