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ABSTRACT: Image clustering remains a fundamental challenge in computer vision and machine learning, with applications
spanning content-based image retrieval, object recognition, and visual data organization. High-dimensional image data and
semantic relationships between visual concepts are often not captured by traditional clustering methods. This research
proposes a novel framework that integrates semantic feature mapping with spanning-tree based optimization techniques to
achieve superior image clustering performance. Our approach leverages deep convolutional neural networks for extracting
semantic features, followed by a minimum spanning tree construction that preserves local geometric structures while
maintaining global consistency. The spanning tree serves as a backbone for hierarchical clustering, enabling efficient graph-
based optimization through edge weight refinement. We introduce an adaptive distance metric that combines visual similarity
with semantic coherence, addressing the semantic gap in traditional image clustering methods. The proposed algorithm
employs a two-stage optimization process: first constructing an initial spanning tree based on semantic features, then iteratively
refining cluster assignments through local neighborhood analysis. Preliminary experiments on benchmark datasets including
CIFAR-10, ImageNet-1K subset, and COCO demonstrate significant improvements over state-of-the-art methods, achieving 15-
23% higher normalized mutual information scores and 18-27% better clustering accuracy. The framework also exhibits robust
performance on imbalanced datasets and maintains computational efficiency with O(n log n) time complexity for n images.
This research contributes both theoretical insights into semantic-geometric feature spaces and practical algorithms for large-
scale image organization systems.
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1. INTRODUCTION

1.1 Background and Motivation

The exponential growth of visual data in the digital era has
created unprecedented challenges for automated image
organization and retrieval systems. With billions of images
generated daily across social media platforms, medical
imaging systems, satellite surveillance, and autonomous
vehicles, efficient methods for unsupervised image clustering
have become critically important. Image clustering, as an
unsupervised learning paradigm, aims to partition a
collection of images into meaningful groups based on visual
similarity without requiring labeled training data.

Traditional image clustering approaches typically operate in
two stages: feature extraction and clustering algorithm
application. Classical methods relied on handcrafted features

such as SIFT, HOG, and color histograms, which capture low- 3.

level visual properties but fail to encode high-level semantic
concepts. The advent of deep convolutional neural networks
has revolutionized feature representation,
extraction of hierarchical features that progressively capture
semantic abstractions. However, even with powerful deep
features, clustering algorithms face challenges including high
dimensionality, optimization
sensitivity to initialization, and the fundamental semantic

non-convex

enabling 4.

landscapes, 5.

gap between low-level visual features and high-level human
perception.

1.2 Problem Statement

Despite advances in deep learning-based feature extraction,
several critical limitations persist in existing image clustering
methodologies:

Semantic Inconsistency: Traditional distance metrics in
feature space often fail to align with semantic similarity,
causing semantically related images to be separated while
visually similar but semantically distinct images cluster
together.

Global Structure Preservation: Most clustering algorithms
focus on local neighborhood relationships but struggle to
maintain global consistency across the entire dataset,
leading to fragmented or incoherent cluster assignments.
Scalability Issues: Many graph-based clustering methods
exhibit quadratic or higher time complexity, making them
impractical for large-scale image datasets.

Parameter Sensitivity: Existing approaches often require
careful tuning of hyperparameters such as the number of
clusters, distance thresholds, or neighborhood sizes, limiting
their applicability in real-world scenarios.

Imbalanced Data Handling: Natural image distributions are
often highly imbalanced, yet most clustering algorithms
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assume uniform cluster sizes, resulting in poor performance
on minority classes.

1.3 Research Objectives

This research proposes to address these limitations through
a unified framework that integrates semantic feature
mapping with spanning-tree based optimization. Our specific
objectives include:

Develop a semantic feature mapping technique that bridges
the gap between visual features and semantic concepts
through multi-level feature fusion and attention
mechanisms.

Design a spanning-tree construction algorithm optimized for
semantic feature spaces, ensuring both local coherence and
global consistency in cluster formation.

Create an iterative optimization framework that refines
cluster boundaries through edge weight adjustment and
local structure analysis on the spanning tree.

Demonstrate superior performance over state-of-the-art
methods on standard benchmark datasets across multiple
evaluation metrics.

Provide theoretical analysis of convergence properties and
computational complexity.

1.4 Research Contributions

A novel semantic feature mapping architecture combining
ResNet-based visual encoders with semantic attention
modules, producing feature representations that are both
discriminative and semantically meaningful.

An efficient spanning-tree construction algorithm specifically
designed for high-dimensional semantic features, with
provable guarantees on structure preservation and O(n log
n) computational complexity.

A graph-based optimization framework leveraging spanning
tree properties to perform hierarchical clustering with
adaptive cluster number selection.

Comprehensive experimental evaluation demonstrating 15-
27% performance improvements over existing methods on
multiple benchmarks.

Open-source implementation enabling reproducibility and
practical deployment in real-world applications.

1.5 Organization

The remainder of this proposal is organized as follows:
Section 2 reviews related work in image clustering and graph-
based optimization. Section 3 presents a comprehensive
literature survey of recent advances. Section 4 details our
proposed methodology including architecture and
algorithms. Section 5 describes the algorithm with step-by-
step explanation. Section 6 presents experimental results
with detailed analysis. Section 7 concludes with future
directions.

2. Related Study

2.1 Traditional Image Clustering Methods

Early image clustering research focused on handcrafted
feature extraction combined with classical clustering
algorithms. K-means clustering, introduced by MacQueen in

1967, remains widely used despite limitations in handling
non-spherical clusters and sensitivity to initialization.
Hierarchical clustering methods, including agglomerative and
divisive approaches, build dendrograms representing nested
cluster structures but suffer from computational complexity
0O(n?) to O(n3?). Spectral clustering methods leverage
eigendecomposition of graph Laplacian matrices to identify
clusters in non-convex spaces, showing promise for image
data but facing scalability challenges with large datasets.

2.2 Deep Learning for Image Clustering

The integration of deep learning into image clustering began
with autoencoder-based approaches that learn compressed
representations optimized for reconstruction. Deep
Embedded Clustering (DEC), proposed by Xie et al.,
simultaneously learns feature representations and cluster
assignments through a joint optimization objective. This
pioneering work inspired numerous extensions including
Deep Adaptive Clustering (DAC), which incorporates adaptive
learning rates, and Deep Comprehensive Correlation Mining
(DCCM), which exploits sample-sample and sample-cluster
correlations. More recently, contrastive learning approaches
like SimCLR and SwAV have demonstrated that self-
supervised pretraining significantly improves clustering
performance by learning semantically meaningful
representations without labels.

2.3 Graph-Based Clustering Approaches

Graph-based clustering methods represent data as nodes in
a graph with edges encoding similarity relationships. The
graph structure enables application of algorithms from graph
theory and network analysis. Minimum spanning trees have
been utilized for clustering since Zahn's 1971 work, which
proposed removing inconsistent edges from the MST to
identify clusters. Recent advances include graph
convolutional networks that learn cluster-aware node
embeddings, and attention-based graph neural networks
that dynamically weigh edge importance. However, most
graph-based methods struggle with high-dimensional image
features and computational scalability.

2.4 Semantic Feature Learning

Semantic feature learning aims to extract representations
encoding high-level conceptual information rather than low-
level visual patterns. Attention mechanisms, popularized by
Transformer architectures, enable models to focus on
semantically relevant regions. Cross-modal learning
approaches leverage text-image pairs to ground visual
features in semantic concepts, exemplified by CLIP and
ALIGN models. Knowledge distillation techniques transfer
semantic knowledge from large pretrained models to
efficient feature extractors. Despite progress, effectively
integrating semantic information into clustering frameworks
remains an open challenge.

2.5 Optimization Techniques for Clustering
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Clustering optimization encompasses both objective
function design and algorithmic solutions. Beyond classical
methods like expectation-maximization and gradient
descent, recent approaches employ meta-learning to
optimize hyperparameters across datasets, reinforcement
learning to guide clustering decisions, and evolutionary
algorithms  for  global optimization. = Graph-based
optimization specifically includes network flow algorithms,
spectral methods, and message-passing techniques. Our
work builds upon these foundations by formulating
clustering as a spanning-tree optimization problem with
semantic constraints.

3. Literature Survey

3.1 Deep Embedded Clustering (DEC)

Xie et al. (2016) introduced Deep Embedded Clustering,
which learns a mapping from data space to a lower-
dimensional feature space while simultaneously optimizing
cluster assignments. DEC uses an autoencoder for feature
learning followed by iterative refinement using a KL
divergence objective between the current cluster
assignments and target distributions. The method
demonstrates significant improvements over traditional
approaches but requires good initialization and assumes the
number of clusters is known. Extensions like IDEC added
reconstruction loss to preserve local structure, while DEC-DA
incorporated data augmentation for robustness.

3.2 Contrastive Learning for Clustering

Chen et al. (2020) demonstrated that contrastive self-
supervised learning produces features highly effective for
downstream clustering tasks. SimCLR maximizes agreement
between differently augmented views of the same image
through a contrastive loss in the embedding space.
Subsequent work including SwAV, MoCo-v2, and BYOL
refined the contrastive learning paradigm. These methods
excel at capturing semantic similarities but lack explicit
clustering objectives. Recent research has begun combining
contrastive learning with clustering losses, such as CC
(Contrastive Clustering) and SCAN (Semantic Clustering by
Adopting Nearest neighbors), achieving state-of-the-art
results on benchmark datasets.

3.3 Graph Convolutional Networks for Clustering

Kipf and Welling (2017) introduced Graph Convolutional
Networks (GCNs), which propagate information along graph
edges to learn node representations. Applications to
clustering include Deep Graph Infomax, which maximizes
mutual  information  between node and graph
representations, and Structural Deep Clustering Network
(SDCN), which jointly optimizes GCN embeddings and cluster
assignments. These methods effectively leverage graph
structure but typically require careful graph construction and
face scalability limitations. Recent work explores efficient

GCN variants and dynamic graph construction strategies to
address these challenges.

3.4 Attention Mechanisms for Visual Features

Attention mechanisms enable models to selectively focus on
relevant information, proving valuable for semantic feature
extraction. Vaswani et al.'s (2017) Transformer architecture
demonstrated attention's power for sequence modeling,
soon adapted to vision tasks. Vision Transformers (ViT) apply
self-attention to image patches, learning global
dependencies. SWIN Transformers introduce hierarchical
attention for efficiency. For clustering, attention can identify
semantically important regions and relationships. Recent
work includes attentive clustering networks that learn to
attend to discriminative features and cross-attention
mechanisms that align features across different modalities or
scales.

3.5 Minimum Spanning Trees for Data Analysis

Minimum spanning trees have a rich history in clustering and
data analysis. Zahn (1971) pioneered MST-based clustering
by identifying and removing inconsistent edges. Xu et al.
(1997) developed AUTOCLUST, which automatically
determines cluster numbers from MST structure. Recent
advances include adaptive MST construction that
incorporates local density estimation, multi-scale MST
approaches that capture hierarchical structures, and
probabilistic MSTs that account for uncertainty. However,
traditional MST methods operate on predefined distance
metrics and lack integration with modern deep learning
pipelines.

3.6 Semantic Segmentation and Feature Fusion

Semantic segmentation research provides insights into
extracting semantic features from images. FCN (Fully
Convolutional Networks), U-Net, and Deeplab architectures
demonstrate effective feature fusion across scales. Feature
Pyramid Networks (FPN) combine high-resolution low-level
features with semantically strong high-level features. These
multi-scale fusion strategies inspire our semantic feature
mapping approach. Recent work on semantic-aware feature
learning includes region-based representations, object-
centric features, and compositional embeddings that
decompose scenes into semantic components.

3.7 Clustering Ensemble and Consensus Methods
Clustering ensemble methods combine multiple clustering
solutions to improve robustness and accuracy. Approaches
include consensus functions that aggregate partitions, meta-
clustering that clusters cluster labels, and evidence
accumulation that builds co-association matrices. For image
clustering, ensemble methods can leverage different feature
types, distance metrics, or clustering algorithms. Recent
research explores deep ensemble clustering that learns
diverse feature extractors through adversarial training or
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multi-task learning, and adaptive weighting schemes that
assess reliability of individual clustering solutions.

3.8 Transfer Learning for Image Clustering

Transfer learning leverages knowledge from pretrained
models to improve clustering on target datasets. ImageNet-
pretrained CNNs provide robust visual features, while
models trained on large-scale image-text datasets like CLIP
encode semantic information. Fine-tuning strategies adapt
pretrained representations to specific domains. Domain
adaptation techniques address distribution shifts between
pretraining and clustering datasets. Recent work investigates
self-supervised pretraining specifically optimized for
clustering, including auxiliary task design and pretraining
objectives that encourage cluster-friendly feature spaces.
3.9 Evaluation Metrics and Benchmarks

Robust evaluation is critical for clustering research. Common
metrics include Normalized Mutual Information (NMI),
Adjusted Rand Index (ARI), clustering accuracy (ACC), and
purity. However, these metrics have limitations—NMI favors
many small clusters, while accuracy requires mapping
predicted clusters to ground truth labels. Recent work
proposes complementary metrics including clustering F-
score, silhouette coefficient averaged across ground truth
labels, and semantic coherence measures. Standard
benchmarks include CIFAR-10, CIFAR-100, ImageNet
variants, STL-10, and COCO datasets, with increasing
emphasis on large-scale and fine-grained evaluation.

3.10 Research Gaps

Despite substantial progress, current image clustering
methods face several unresolved challenges. First, existing
approaches often treat feature extraction and clustering as
separate stages, limiting end-to-end optimization. Second,
most methods struggle to balance local detail preservation
with global consistency. Third, computational efficiency
remains problematic for large-scale applications. Fourth,
semantic feature learning for clustering lacks principled
frameworks connecting visual representations to conceptual
structures. Fifth, most methods assume balanced cluster
distributions, failing on real-world imbalanced data. Our
research addresses these gaps through integrated semantic-
geometric feature learning and efficient spanning-tree based
optimization.

4. Proposed Methodology

4.1 System Architecture

Our proposed framework consists of four main components:
(1) Semantic Feature Extraction Module, (2) Feature
Mapping and Enhancement Layer, (3) Spanning Tree
Construction Module, and (4) Iterative Cluster Optimization
Engine. The architecture is designed for end-to-end training
while maintaining modularity for component-wise analysis
and improvement.

Architecture Overview:

Input Images - Semantic Feature Extractor —> Feature
Mapping Layer -
Spanning Tree Constructor - Cluster Optimizer - Final
Clusters
N 4 N

Visual Features Enhanced Features  Graph Structure
4.2 Semantic Feature Extraction
The semantic feature extraction module employs a ResNet-
50 backbone pretrained on ImageNet, modified with
additional semantic attention layers. We extract features
from multiple levels (conv3_x, conv4_x, conv5_x) to capture
both fine-grained details and high-level semantics. Each
feature map undergoes spatial attention to emphasize
semantically important regions, followed by channel
attention to select discriminative feature dimensions.
The multi-level features are concatenated and passed
through a semantic enhancement network consisting of
three fully connected layers with batch normalization and
ReLU activations. This network projects features into a 512-
dimensional semantic space optimized for clustering through
a combined objective:
L_feature = L_triplet + ML_reconstruction + A,L_semantic
where L_triplet enforces semantic similarity relationships,
L_reconstruction ensures information preservation, and
L_semantic incorporates supervised semantic knowledge
from a teacher model (CLIP).
4.3 Feature Mapping and Enhancement
The feature mapping layer transforms extracted semantic
features into a geometry-aware representation suitable for
spanning tree construction. This involves three operations:
Dimension Reduction: We apply PCA followed by a learned
projection to reduce dimensionality from 512 to 128 while
preserving 95% of variance. The learned projection is
optimized to maintain neighborhood structure as measured
by k-NN graph consistency.
Metric Learning: A Siamese network learns an adaptive
distance metric in the reduced space. The network is trained
with triplet loss using pseudo-labels from preliminary
clustering and hard negative mining. This metric accounts for
both visual similarity and semantic coherence.
Feature Normalization: L2 normalization followed by
whitening transformation ensures features lie on a unit
hypersphere with decorrelated dimensions, improving
stability of downstream algorithms.
4.4 Spanning Tree Construction
Given n images with enhanced feature vectors {f;, f,, ..., &},
we construct a complete graph G = (V, E) where vertices
represent images and edge weights w(i,j) encode
dissimilarity computed using the learned metric. The
spanning tree construction employs a modified Prim's
algorithm optimized for semantic features:
Algorithm: Semantic Spanning Tree Construction
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Initialize tree T with arbitrary vertex vo

Maintain priority queue Q of edges connecting T to V\T
While V\T is non-empty:

Select minimum weight edge (u,v) from Q whereu €T,v&T
Add vtoTandedge (uv)toT

Update Q with edges from v to vertices in VAT

Apply semantic consistency check: verify that edge (u,v)
maintains semantic coherence within local neighborhood
Return spanning tree T

The semantic consistency check ensures that newly added
edges do not violate local semantic structure, preventing the
tree from connecting semantically disparate components
prematurely.

4.5 Cluster Optimization

With the spanning tree constructed, we perform iterative
optimization to identify optimal cluster boundaries. The
process alternates between two phases:

Phase 1: Edge Weight Refinement For each edge (i,j) in the
spanning tree, we compute a refined weight considering:
Original feature distance

Local density around vertices i and j

Semantic coherence with neighboring edges

Global consistency with preliminary cluster structure
Refined weights highlight edges likely to represent cluster
boundaries.

Phase 2: Hierarchical Clustering We identify the k-1 edges
with highest refined weights and remove them, creating k
connected components representing clusters. The value of k
is determined adaptively by analyzing the distribution of
edge weights and identifying natural gaps corresponding to
cluster boundaries.

The algorithm iterates between refinement and clustering
until convergence (no change in cluster assignments) or a
maximum iteration count is reached.

4.6 Adaptive Cluster Number Selection

Unlike most clustering methods requiring predetermined k,
our approach automatically determines cluster numbers
through spanning tree analysis. We compute a cluster quality
score for each possible k:

Q(k) = Intra_Compactness(k) / Inter_Separation(k)

where intra-cluster compactness measures average within-
cluster distance and inter-cluster separation measures
minimum between-cluster distance. The optimal k minimizes
Q(k) while satisfying constraints on minimum cluster size.
4.7 Training Strategy

The overall system is trained in two stages:

Stage 1: Feature Learning The semantic feature extraction
and mapping modules are pretrained using self-supervised
contrastive learning on augmented image pairs. This ensures
learned features capture semantic similarities before
introducing clustering objectives.

Stage 2: End-to-End Fine-tuning All components are jointly
fine-tuned with a composite loss:
L_total = L_feature + AsL_cluster + A4L_tree
where L_cluster measures cluster quality (compactness and
separation) and L_tree enforces spanning tree properties
(connectivity and optimality).
5. Algorithm Description
5.1 Complete Algorithm Workflow
Algorithm: Enhanced Image Clustering with Semantic
Features and Spanning Trees
Input: Image dataset D = {l;, I, ..., &}
Output: Cluster assignments C = {cy, ¢y, ..., CE}
Phase 1: Semantic Feature Extraction
1. For each image |; € D:
a. Extract multi-level features from ResNet-50 backbone
b. Apply spatial and channel attention mechanisms
c. Generate semantic feature vector f; € R*"
Phase 2: Feature Enhancement
2. Apply PCA dimension reduction: F_reduced = PCA(F,
d=128)
3. Learn adaptive metric M using Siamese network with
triplet loss
4. Normalize features: F_norm = Normalize(F_reduced)
5. Compute pairwise distances: DI[i,j] = ||F_normli] -
F_normlj]||_M
Phase 3: Spanning Tree Construction
6. Initialize spanning tree T ={vo}, E_T={}
7. Create priority queue Q with edges from vo
8. While |T| <n:
a. Extract minimum weight edge (u,v) from Q
b. If Semantic Consistency (u, v, T):
-AddvtoT
- Add edge (u,v) to E_T
- Insert edges from v to V\T into Q
c. Else: reject edge and continue
Phase 4: Iterative Cluster Optimization
9. Initialize iteration countt =0
10. While t < max_iterations and not converged:
a. For each edge (i,j) EE_T:
- Compute local density p;, p&
- Calculate semantic coherence s
- Refine weight: w'(i,j) = w(i,j) x (1 + a:|pi - pR|) / si@
b. Sort edges by refined weights in descending order
c. For k =k_min to k_max:
- Remove top k-1 edges to create k components
- Compute cluster quality Q(k)
d. Select optimal k* = argmin_k Q(k)
e. Assign cluster labels based on k* components
f. Update convergence status
gt=t+1
11. Return final cluster assignments C
5.2 Semantic Consistency Function
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The semantic consistency check ensures that added edges
maintain local semantic structure:
Function Semantic Consistency(u, v, T):
1. Identify k-nearest neighbors N_uof uinT
2. ldentify k-nearest neighbors N_v of vin VAT
3. Compute semantic similarity scores:
s_u = mean({semantic_sim(u, n) for nin N_u})
s_v =mean({semantic_sim(v, n) for nin N_v})
s_uv = semantic_sim(u, v)
4. Consistency score: y = (s_uv) / (0.5 x (s_u +s_v))
5. Return True if y > threshold (default: 0.85)
This function prevents the spanning tree from creating edges
between semantically dissimilar regions, even if they are
geometrically close in feature space.
5.3 Local Density Estimation
Local density estimation identifies
concentrations of similar images:
Function LocalDensity(i, F, k=10):
1. Find k nearest neighbors of image i: N_k(i)
2. Compute average distance: d_avg = mean({d(i,j) for j in
N_k(i)})
3. Compute density: pi =1/ (d_avg + €)

regions with high

4. Return p;

High-density regions typically represent cluster cores, while
low-density regions often lie near cluster boundaries. °
5.4 Edge Weight Refinement .
The edge weight refinement process adjusts weights based
on local structure and semantic information: .
Function RefineEdgeWeight(i, j, T, F): P
1. Compute local densities: p; = LocalDensity(i, F)

pl = LocalDensity(j, F) .

2. Compute density gradient: Ap = |pi - pB| / max(p;, pB) .
3. Identify common neighbors: N_common = Neighbors(i) n
Neighbors(j)
4. Compute semantic coherence:

s_local = mean({semantic_sim(i,n) + semantic_sim(j,n)

for nin N_common})
5. Refined weight: w'(i,j) = w(i,j) x (1 + a x Ap) / (B x s_local +
€)
6. Return w'(i,j)
This refinement emphasizes edges crossing density ,
boundaries (potential cluster boundaries) while de- o
emphasizing edges with high local semantic coherence (likely R
within-cluster connections).
5.5 Cluster Quality Evaluation
The cluster quality metric guides optimal cluster number
selection:
Function ClusterQuality(k, C, F):
1. For each cluster cin C:
- Compute centroid: p_c = mean({F[i] for i in cluster c})
- Compute intra-cluster variance:
o%_c=mean({| |F[i] - u_c| |*foriin cluster c})

2. Intra-cluster compactness:
CompactA = sum({|cluster_c| x o®> cforcinC})/n
3. Inter-cluster separation:
Separation = min({| |[u_c - p_d]|| forc,dinC, c #d})
4. Cluster quality: Q(k) = Compactness / (Separation + €)
5. Penalize extreme k values:
If k <0.1xn or k > 0.5xn: Q(k) = Q(k) x penalty_factor
6. Return Q(k)
Lower Q(k) indicates better clustering with compact, well-
separated clusters.
5.6 Convergence Criteria
The algorithm terminates when convergence is detected:
Function CheckConvergence(C_prev, C_current,
threshold=0.01):
1. Compute percentage of changed assignments:
changes = sum({1 if C_prev[i] # C_current[i] else 0 foriin
range(n)})
change_rate = changes / n
2. If change_rate < threshold:
Return True (converged)
3. Else:
Return False (not converged)
5.7 Complexity Analysis
Time Complexity:
Feature extraction: O(n x d) where d is feature dimension
Spanning tree construction: O(n log n) using binary heap
priority queue
Edge refinement per iteration: O(n)
Total: O(n log n + t x n) where t is number of iterations
Space Complexity:
Feature storage: O(n x d)
Graph representation: O(n?) for complete graph, O(n) for
spanning tree
Total: O(n x d + n?) reduced to O(n?) for typical d << n
The algorithm achieves efficient O(n log n) clustering through
spanning tree structure, significantly better than O(n?) or
0(n?) complexity of traditional hierarchical methods.
6. Results and Discussion
6.1 Experimental Setup
Datasets:
CIFAR-10: 60,000 32x32 color images in 10 classes
CIFAR-100: 60,000 images in 100 fine-grained classes
ImageNet-10: 13,000 images from 10 ImageNet classes
STL-10: 13,000 96x96 images in 10 classes
COCO-Subset: 10,000 images with complex scenes
Baseline Methods:
K-means with deep features
Spectral Clustering
Deep Embedded Clustering (DEC)
Deep Adaptive Clustering (DAC)
Contrastive Clustering (CC)
SCAN (Semantic Clustering by Adopting Nearest neighbors)
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Evaluation Metrics:

Normalized Mutual Information (NMI)
Adjusted Rand Index (ARI)

Clustering Accuracy (ACC)

F-Score

Silhouette Coefficient

Implementation Details:

Framework: PyTorch 2.0

Hardware: NVIDIA A100 GPU, 80GB memory
Batch size: 256

Learning rate: 0.001 with cosine annealing
Optimizer: Adam with weight decay le-4
Training epochs: 200 for feature learning, 50 for fine-tuning
6.2 Results on CIFAR-10

Our method achieves state-of-the-art performance on CIFAR-
10:

Method NMI ARI ACC F-Score
K-means 0.487 0.365 0.532 0.501

Spectral 0.513 0.391 0.567 0.529

DEC 0.557 0.428 0.612 0.581

DAC 0.591 0.467 0.649 0.618

cC 0.628 0.512 0.687 0.655

SCAN  0.652 0.538 0.709 0.678

Ours 0.749 0.642 0.812 0.781

Graph 1: Performance Comparison on CIFAR-10
Performance Metrics Comparison (CIFAR-10)

NMI Score:

cmeans: I

0.487

spectral:

0.513

oec:
0.557

orc:
0.591
.
0.628

scan:
0.652

ous:
0.749

Clustering Accuracy:
K-means:

0.532

Spectral:

0.567

o

0.612

DAC:
0.649
CC:
0.687

scan:

0.709

Ours:

0.812

The results demonstrate 14.9% improvement in NMI and
14.5% improvement in accuracy over SCAN, the previous
state-of-the-art method.

Graph 2: Convergence Analysis

Training Loss Convergence (CIFAR-10)
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The convergence plot shows rapid initial loss reduction with
stabilization after 125 epochs, indicating efficient
optimization.

6.3 Results on CIFAR-100

CIFAR-100's 100 fine-grained classes pose significant
challenges:

Method NMI ARl ACC

K-means 0.314 0.121 0.287
DEC 0.387 0.186 0.341
DAC 0.421 0.223 0.389
cC 0.468 0.279 0.432
SCAN  0.492 0.301 0.461
Ours 0.573 0.382 0.548

Graph 3: Fine-Grained Clustering Performance (CIFAR-100)
NMI Score Comparison Across Number of Clusters

NMI
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Our method maintains superior performance even with 100
clusters.

Our approach demonstrates 16.5% NMI improvement over
SCAN on this challenging fine-grained dataset, validating the
effectiveness of semantic feature mapping for distinguishing
subtle visual differences.

6.4 Scalability Analysis

Graph 4: Computational Efficiency vs Dataset Size
Execution Time (seconds) - Log Scale

Time
10000
1000| __--eSpectral
100| __—-eeSCAN/CC
10| __ee--Our Method
1| eK-means

1K 5K 10K 25K 50K 100K
Dataset Size (images)

Our method: O(n log n) complexity

Traditional methods: O(n?) to O(n®) complexity

The spanning tree approach achieves superior scalability,
processing 100K images in under 2 minutes compared to
over 30 minutes for spectral clustering.

Graph 5: Memory Consumption Analysis

Memory Usage (GB)
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Our spanning tree representation uses O(n) memory vs O(n?2)
for dense graphs.

6.5 Ablation Studies

We conducted ablation studies to validate each component's
contribution:

Configuration NMI ACC Description
Baseli ResNet t ResNet
aseline (ResNe 0.628 0.687 Standard esNe
only) features

dd attention

A
+ Semantic Attention 0.681 0.734 .
mechanisms

0.708 0.768 Add metric learning
0.734 0.795 Use MST structure

+ Feature Mapping
+ Spanning Tree

+ lterati
o eraVe (249 0.812 Full method
Optimization

Graph 6: Ablation Study Results
Component Contribution Analysis (CIFAR-10 NMI)

Baseline:
:0.628
Attention:
:0.681
+ Feature Mapping:
I 08
+ Spanning Tree:
I 03
Full Method:

I /S

Improvement Breakdown:

Semantic Attention: +8.4%

Feature Mapping: +4.0%

Spanning Tree:  +3.7%

Optimization:  +2.0%

Each component contributes meaningful performance gains,
with semantic attention providing the largest individual
improvement.

6.6 Cluster Quality Analysis

Graph 7: Intra-cluster vs Inter-cluster Distance

Distance Distribution Analysis

Frequency

800 | Intra-cluster Inter-cluster

600 | /\ /\

400 / \ / N\

2001/ \_ _/

o/ /1] \

0 05 1.0 1.5 2.0 25 3.0 35
Distance in Feature Space

Clear separation indicates well-formed clusters with:
- Mean intra-cluster distance: 0.67

- Mean inter-cluster distance: 2.84

- Separation ratio: 4.24

DOI: 10.62346/ijcn_qg4_v12_no4_24 01 | Improving Image Mining Performance with Semantic Abstraction and

Spanning Tree Optimization




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

Vol 12, No 4, Oct — Dec 2024

The clear separation between intra-cluster and inter-cluster
distance distributions confirms that our method produces
well-defined, cohesive clusters.

6.7 Semantic Consistency Evaluation

Graph 8: Semantic Purity by Cluster

Semantic Purity Score (CIFAR-10)

Cluster

Average Semantic Purity: 0.937

Purity measures percentage of dominant class in each
cluster.

High purity indicates semantic coherence.

Average semantic purity of 93.7% demonstrates that clusters
align well with semantic categories.

6.8 Performance on Imbalanced Data

We evaluated robustness on artificially imbalanced CIFAR-10
(90% majority class, 1% each minority):

Graph 9: Performance on Imbalanced Dataset

F-Score by Class (Imbalanced CIFAR-10)

Method  Majority Avg Minority Macro-F1
K-means: 0.91 0.23 0.34
Spectral: 0.88 0.31 0.41
DEC: 0.89 0.38 0.47
SCAN: 0.92 0.51 0.58
Ours: 0.94 0.73 0.78
Visualization:
[ 1
Majority
;| 0.94
L
[ 1
Minority | 0.73 (Ours)
| 0.51 (SCAN)
| 0.38 (DEC)

Our method achieves 43% better minority class F-score than
SCAN, demonstrating superior handling of imbalanced
distributions through density-aware optimization.

1.

2.

N

6.9 Cross-Dataset Generalization

We trained on CIFAR-10 and tested on STL-10 to evaluate
generalization:

Graph 10: Transfer Performance Analysis

Cross-Dataset Transfer (CIFAR-10 = STL-10)

Training Accuracy Transfer Accuracy Gap

ous: NS NN &
scav: N 289
ce: HEEEE BN 34%

o N @ N 459%
NMI Scores:

Ours (transfer): 0.68

SCAN (transfer): 0.52

Reduction in gap: 38%

Our semantic features generalize better across datasets.

The smaller performance gap demonstrates that semantic
features learned by our method transfer more effectively to
new datasets than existing approaches.

6.10 Discussion

Key Findings:

Semantic Enhancement: The semantic attention mechanism
provides the largest single performance improvement,
validating our hypothesis that bridging the semantic gap is
crucial for effective image clustering.

Spanning Tree Advantage: The graph-theoretic approach
enables efficient global consistency maintenance while
preserving local structures, outperforming traditional
hierarchical methods.

Scalability: O(n log n) complexity enables application to
large-scale datasets, with 100K images processed in under 2
minutes.

Robustness: Superior performance on imbalanced data and
cross-dataset transfer demonstrates robustness and
generalization capability.

Interpretability: The spanning tree structure provides
interpretable hierarchical relationships between clusters,
facilitating analysis and visualization.

Limitations:

The method requires GPU resources for feature extraction,
though clustering itself is CPU-efficient.

Performance on extremely fine-grained categories (>500
classes) requires further investigation.

The semantic consistency threshold requires dataset-specific
tuning for optimal results.

7. Conclusion

This research presents a novel framework for image
clustering that effectively integrates semantic feature
learning with graph-theoretic optimization through spanning
trees. By addressing fundamental limitations of existing
approaches—semantic inconsistency, scalability, and
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