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Abstract- The exponential growth of visual data demands 

robust Content-Based Image Retrieval (CBIR) systems that ac- 

curately and efficiently retrieve relevant images. In this paper, 

we present a novel CBIR framework that integrates 

AutoEncoders for latent feature extraction with hashing and 

Vantage-Point Trees (VP-Trees) for efficient similarity search. 

Experimental results on a publicly available dataset 

demonstrate significant improvements in retrieval precision 

and computational efficiency. 
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I. INTRODUCTION 

 

 In the digital era, the proliferation of visual data 

across domains such as healthcare, e-commerce, social media, 

and entertainment has created an increasing demand for 

efficient image retrieval systems. Traditional text-based search 

meth- ods, which rely on metadata and manually assigned 

keywords, often fail to capture the intricate visual content of 

images. This limitation underscores the necessity for Content-

Based Image Retrieval (CBIR) systems that leverage intrinsic 

image features to enhance retrieval accuracy. 

 

CBIR systems address the semantic gap between 

low-level features (such as color, texture, and shape) and the 

high-level semantics perceived by users. By directly analyzing 

visual content, these systems can identify patterns and 

similarities that conventional methods might overlook. With 

advancements in deep learning, particularly through 

convolutional neural net- works (CNNs), state-of-the-art 

feature extraction has become achievable, enabling more 

robust and reliable image retrieval. In this paper, we present a 

novel CBIR framework that inte- grates AutoEncoders for 

latent feature extraction with hashing and Vantage-Point Trees 

(VP-Trees) for efficient similarity search. Our approach 

captures essential visual characteristics while facilitating rapid 

retrieval from large-scale datasets. The remainder of the paper 

details our methodology, experimental evaluation, and the 

resulting performance improvements. 

 

 

II. LITERATURE REVIEW 

 

Content-Based Image Retrieval (CBIR) has evolved 

signif- icantly over the past decade, driven by the increasing 

need to handle large-scale image databases efficiently. Early 

research primarily focused on low-level visual features, such 

as color, texture, and shape, combined with indexing 

techniques like 

 

M-trees and clustering methods to reduce retrieval 

times [1]. These traditional approaches often struggled to 

bridge the semantic gap, leading to an interest in more 

sophisticated methods that capture higher-level features. 

 

Deep learning, particularly Convolutional Neural 

Networks (CNNs), has substantially advanced CBIR by 

providing pow- erful feature extraction capabilities. Studies on 

content-based medical image retrieval (CBMIR) [2] have 

shown that CNN- based techniques can achieve retrieval 

accuracies of up to 99.77% for multi-class datasets, 

underscoring the potential of deep representations. In parallel, 

optimized similarity retrieval models [3] have proposed local 

feature fusion and triplet loss functions to preserve detailed 

information in images, while graph-theoretic deep 

representation learning [4] addresses multi-label retrieval by 

modeling co-occurrence relationships among image regions. 

 

Other domains have also benefited from deep 

learning- based retrieval. In e-commerce, Generative 

Adversarial Net- works (GANs) have been used to generate 

synthetic images for visually similar product 

recommendations [5], offering both speed and accuracy 

advantages over conventional CNNs. Meanwhile, agricultural 

applications have leveraged Reptile Search Algorithms (RSA) 

combined with EfficientNetB0 to detect plant diseases through 

highly precise retrieval [6]. Fur- ther exploration of deep 

networks for specialized scenarios can be seen in 

claustrophobic healthcare image retrieval [7], which uses 

CNNs and hashing to handle medical data efficiently, and in 

multi-modal natural language processing tasks, where pre-

trained models such as BERT and ERNIE have enhanced 

relation extraction for text-based IR systems [8]. 
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Scalability and efficient retrieval structures have been 

key topics of research, especially for large or complex 

datasets. For instance, hierarchical vocabulary trees and visual 

word trees [11], [12] have improved the speed and accuracy of 

retrieval by organizing image descriptors in a multi-layered 

fashion. Advanced feature fusion and ranking strategies have 

also been introduced [10], combining convolutional features 

with weighted similarity measures to handle occlusions and 

background clutter. Similarly, hybrid approaches like 

relevance feedback [18] refine query vectors iteratively based 

on user interactions, leading to continuous improvements in 

retrieval performance. 

 

Beyond CNN-based methods, the literature highlights 

various feature extraction and similarity measure 

optimizations. Approaches that integrate multiple low-level 

and high-level features [13] show promise in bridging the 

semantic gap, while perceptual models for color and structural 

cues [15], [16] account for human visual perception in image 

matching. Some studies focus on specialized tasks like visual-

to-radar image registration [14], stereoscopic image quality 

assessment [16], and domain-specific image classification 

[17], illustrating the broad applicability of advanced CBIR 

methods. Additionally, cross-language information retrieval 

techniques [19] and visu- ally weighted block methods [20] 

expand the scope of CBIR to more diverse data modalities and 

contextual constraints. 

 

Overall, this body of work demonstrates a shift from 

tra- ditional feature-based methods toward deep learning-

driven frameworks that leverage hierarchical architectures, 

graph- based models, and generative techniques. The resulting 

sys- tems have shown marked improvements in accuracy, 

scalabil- ity, and adaptability across different domains. 

Building upon these advances, our proposed method integrates 

AutoEncoders for latent feature extraction with hashing and 

Vantage-Point Trees (VP-Trees) to achieve efficient, accurate 

retrieval on large-scale image datasets. 

 

III. METHODOLOGY 

 

The proposed CBIR system integrates deep learning 

tech- niques for feature extraction with efficient search 

structures for rapid image retrieval. This section details the 

overall frame- work, including dataset preparation, latent 

feature extraction using an AutoEncoder, and the 

implementation of efficient similarity search via hashing and 

Vantage-Point Trees (VP- Trees). 

 

1. Overview 

 

Our framework is designed to extract compact latent 

repre- sentations from images that capture essential visual 

features. These representations enable fast and accurate 

similarity com- parisons. The system comprises two main 

components: an AutoEncoder for feature extraction and a 

combined hashing and VP-Tree mechanism for efficient 

retrieval. 

 

2. Dataset Preparation 

 

The dataset employed in this work is sourced from 

Kaggle’s CBIR Dataset. Images are first preprocessed by 

resizing to a uniform dimension and normalizing pixel values. 

To enhance robustness, data augmentation techniques such as 

random cropping and flipping are applied. The processed 

images are then indexed and organized using a structured 

format (e.g., via a Pandas DataFrame) for streamlined access 

during training and retrieval. 

 

3. Latent Feature Extraction 

 

An AutoEncoder architecture is utilized to learn a 

compact representation of each image. The encoder 

compresses the input image into a latent vector that 

encapsulates its essential features, while the decoder 

reconstructs the image to ensure minimal loss of information. 

These latent feature vectors are subsequently stored and serve 

as the basis for similarity computations. 

 

4. Image Retrieval via Hashing and VP-Trees 

 

To facilitate rapid retrieval, the latent feature vectors 

are converted into compact hash codes that represent the 

image content efficiently. In parallel, a Vantage-Point Tree 

(VP-Tree) is constructed to support nearest-neighbor search 

within the feature space. The VP-Tree organizes the data 

hierarchically, enabling logarithmic time complexity for 

similarity searches and significantly reducing the 

computational overhead com- pared to brute-force methods. 

 

5. Implementation Workflow 

 

The overall implementation workflow is as follows: 

 

1. Preprocessing: Images are resized, normalized, and 

augmented to ensure consistency and enhance model 

robustness. 

2. Training: The AutoEncoder is trained on the prepro- 

cessed images to learn latent representations. 

3. Feature Extraction: The encoder component 

extracts latent feature vectors from all images. 
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4. Indexing: These feature vectors are hashed and or- 

ganized into a VP-Tree to facilitate efficient nearest- 

neighbor searches. 

5. Query Processing: A query image is processed 

through the same pipeline to obtain its latent vector, 

which is then used to retrieve similar images via the 

VP-Tree. 

 

This integrated approach ensures a balance between 

retrieval accuracy and computational efficiency, making the 

system suitable for large-scale CBIR applications. 

 

IV. RESULTS 

 

The performance of the proposed CBIR system is 

evaluated using key metrics including Precision@k, mean 

Average Pre- cision (mAP), and retrieval time. These metrics 

collectively assess both the accuracy and efficiency of the 

system. 

 

1. Performance Metrics 

 

 Precision@k: Measures the fraction of relevant 

images among the top-k retrieved results. 

 Mean Average Precision (mAP): Provides an 

aggregated measure of precision across multiple 

queries. 

 Retrieval Time: Evaluates the time taken (in 

millisec- onds) to retrieve similar images. 

 

2. Quantitative Evaluation 

 

Table I presents the Precision@k values for a set of 

sample query images. The system demonstrates consistently 

high precision across different retrieval sizes, with an average 

Precision@5 of 0.85. 

 

Table II shows the retrieval time and mAP for the 

same set of queries. On average, the retrieval time is 

approximately 12.5 ms, and the average mAP is 0.85, 

indicating that the system is both fast and accurate. 

 

TABLE I 

Precision@k for Sample Query Images 

Query 

Image 

Precision@5 Precision@10 Precision@20 

Image 1 0.80 0.75 0.70 

Image 2 0.85 0.80 0.78 

Image 3 0.90 0.85 0.80 

Average 0.85 0.80 0.76 

 

TABLE II 

Retrieval Time and mAP for Sample Queries 

Query 

Image 

Retrieval Time 

(ms) 

mAP 

Image 1 12.5 0.82 

Image 2 11.8 0.85 

Image 3 13.1 0.87 

Average 12.5 0.85 

 

3. Visual Analysis 

 

Figures 1 and 2 provide a visual perspective of the system’s 

performance. 

 

 
Fig. 1. Precision@k for Query Images. This bar chart shows 

the system’s precision at top-5, top-10, and top-20 for three 

sample query images. 

 

Figure 1 illustrates the system’s ability to maintain 

high precision across varying retrieval sizes. Notably, Image 3 

achieves the highest Precision@k scores, underscoring the 

effectiveness of the AutoEncoder-based feature extraction and 

the robustness of the VP-Tree indexing structure. 

 

Figure 2 highlights the computational efficiency of 

the proposed system, showing that retrieval times remain 

under 15 ms for the tested queries, while mAP remains above 

0.80. This balance of speed and accuracy demonstrates the 

suitability of the approach for large-scale CBIR applications. 

Overall, the quantitative and visual analyses confirm that 

integrating AutoEncoders for latent feature extraction with 

hashing and VP-Tree indexing results in a CBIR system 

capable of high precision and low retrieval latency. 
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Fig. 2. Retrieval Time and mAP. This plot depicts the retrieval 

time in milliseconds and the corresponding mean Average 

Precision (mAP) for three sample query images. 

 

V. CONCLUSION 

 

The proposed CBIR system, which integrates 

AutoEncoders for latent feature extraction with efficient 

hashing and VP-Tree indexing, has demonstrated significant 

improvements in both retrieval accuracy and computational 

efficiency. Experimental results show high Precision@k 

values and low average re- trieval times, validating the 

effectiveness of the framework in handling large-scale image 

datasets. 

 

By leveraging deep learning techniques for feature 

ex- traction and robust similarity search strategies, the system 

effectively bridges the semantic gap between low-level visual 

features and high-level image semantics. Future work may ex- 

plore advanced feature representation methods and alternative 

similarity measures to further enhance performance. 

 

In summary, the developed CBIR framework offers a 

promising solution for efficient and accurate image retrieval, 

with potential applications across diverse domains where rapid 

image search is essential. 
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