
Bulletin of Electrical Engineering and Informatics 

Vol. 15, No. 5, October 2026, pp. 4047~4056 

ISSN: 2302-9285, DOI: 10.11591/eei.v15i5.11008      4047  

 

Journal homepage: http://beei.org 

MARFE and ALSPH: a high-performance framework for 

scalable and efficient image deduplication 
 

 

Rahul Shah1,2, Ashok Kumar Shrivastava1, Vivek Thapa3 
1Department of Computer Science and Engineering, Amity University Madhya Pradesh, Gwalior, India 

2Faculty of Science and Technology, The ICFAI University Sikkim, Gangtok, India 
3Department of Computer Applications, Sikkim Manipal Institute of Technology, Sikkim Manipal University, Gangtok, India 

 

 

Article Info  ABSTRACT 

Article history: 

Received Jul 11, 2025 

Revised Aug 11, 2026 

Accepted Aug 20, 2026 

 

 Image deduplication has become increasingly important with the rapid 

growth of digital image repositories in cloud storage, multimedia systems, 

and large-scale visual databases. Existing approaches face a trade-off 

between detection accuracy and computational efficiency. Deep learning 

methods provide high robustness but require substantial computational 

resources, while traditional perceptual hashing and handcrafted features 

offer faster processing but have limited resilience to image transformations. 

To address this issue, this paper proposes an efficient image deduplication 

framework integrating multi-scale adaptive region-based feature extraction 

(MARFE) and adaptive locality-sensitive perceptual hashing (ALSPH). 

MARFE adaptively selects information-rich image regions to preserve 

discriminative visual characteristics while reducing redundant computations. 

ALSPH generates compact binary fingerprints through covariance-guided 

projection learning for efficient and robust similarity matching. The 

framework was evaluated on benchmark and web-scale image collections, 

with additional scalability analysis performed at dataset sizes of up to 10 

million images. The framework achieved an F1-score of 0.979, processing 

speed of 187 images per second, and 49.3% storage savings, demonstrating a 

good balance between accuracy, efficiency, and scalability. 
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1. INTRODUCTION 

The exponential growth of digital media has created massive volumes of image data, posing 

significant challenges for storage, management, and retrieval. A fundamental task is image deduplication, 

which identifies and removes redundant images to reduce storage requirements, improve content-based 

image retrieval (CBIR), and optimize cloud storage systems [1]-[3]. Image deduplication encompasses both 

exact duplicates, which are identical copies, and near-duplicates, which result from transformations such as 

resizing, cropping, rotation, illumination changes, or compression. 

Traditional approaches based on color histograms, texture descriptors, and perceptual hashing are 

computationally efficient but often fail to detect transformed near-duplicate images reliably [4]-[6]. In 

contrast, deep learning methods, particularly convolutional neural network (CNN)-based models, provide 

higher robustness by learning semantic image representations but require substantial computational resources 

for training and inference, limiting their applicability in large-scale real-time environments [7]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Consequently, achieving an effective balance between detection accuracy, computational efficiency, and 

scalability remains an open research challenge. 

To address this limitation, this paper proposes an efficient hybrid framework integrating multi-scale 

adaptive region-based feature extraction (MARFE) and adaptive locality-sensitive perceptual hashing 

(ALSPH). MARFE adaptively selects information-rich image regions to generate compact and discriminative 

feature representations, while ALSPH produces adaptive binary fingerprints for efficient similarity matching 

using data-driven projections [8], [9]. The proposed framework is designed to improve robustness against 

common image transformations while maintaining low computational overhead for large-scale image 

repositories [10]. 

The contributions of this work are: i) an efficient image deduplication framework integrating the 

proposed MARFE feature extraction and ALSPH hashing techniques; ii) a lightweight adaptive region-

selection strategy for robust multi-scale feature extraction; iii) a data-adaptive perceptual hashing algorithm 

that generates compact and discriminative binary fingerprints for efficient similarity matching; and  

iv) comprehensive evaluation on benchmark and web-scale datasets containing up to 10 million images, 

demonstrating improved accuracy, processing efficiency, and storage savings compared with representative 

existing methods. 

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3 presents 

the proposed MARFE-ALSPH framework. Section 4 describes the experimental setup and section 5 discusses 

the experimental results. Finally, section 6 concludes the paper and outlines future research directions. 

 

 

2. RELATED WORK 

Image deduplication has evolved from traditional handcrafted descriptors to deep learning-based 

image representations. Existing methods can be broadly categorized into exact duplicate detection, which 

identifies identical files using cryptographic hashes (e.g., MD5 and SHA-1), and near-duplicate detection, 

which identifies visually similar images affected by transformations such as resizing, cropping, rotation, 

illumination changes, and compression [1], [6]. This work focuses on near-duplicate image detection. 

 

2.1.  Traditional and perceptual hashing method 

Traditional feature descriptors such as scale invariant feature transform (SIFT) [4], histograms of 

oriented gradients (HOG) [5], and local binary pattern (LBP) [11] provide interpretable image representations 

but are computationally expensive and sensitive to complex transformations. Perceptual hashing methods, 

including aHash, pHash, and dHash [6], generate compact fingerprints for efficient similarity search; 

however, their robustness decreases under significant geometric and photometric variations. Recent large-

scale image deduplication studies have further highlighted the need for scalable and transformation-robust 

solutions [12]-[14]. 

 

2.2.  Deep learning for image similarity 

Deep learning approaches, including CNNs, residual networks (ResNet) [15], Siamese networks 

[16], deep ranking methods [17], FaceNet (facial recognition network) [18], simple framework for 

contrastive learning of visual representations (SimCLR) [19], and vision transformers (ViT) [20], [21], have 

substantially improved near-duplicate image detection by learning semantic feature representations. Deep 

hashing methods further integrate learned embeddings into compact binary codes [12], [22]. Although these 

approaches achieve high detection accuracy, they require considerable computational resources, memory, and 

graphics processing unit (GPU) acceleration, limiting their practicality for large-scale image repositories. 

 

2.3.  Comparative analysis 

Table 1 summarizes representative traditional, deep learning, and hybrid image deduplication 

methods with respect to robustness, computational complexity, and scalability. Traditional methods provide 

fast retrieval but limited robustness, whereas deep learning methods improve semantic understanding at the 

expense of computational cost. Hybrid approaches offer improved trade-offs but often remain 

computationally demanding for web-scale deployment. 

 

2.4.  Research gap 

Recent hybrid methods combine deep feature extraction with perceptual hashing to improve 

duplicate detection accuracy [12], [13], [22]. Despite these advances, existing approaches still struggle to 

balance transformation robustness, computational efficiency, and scalability. Most deep learning methods 

require expensive training and inference, while lightweight hashing techniques remain vulnerable to complex 

image transformations. To address these limitations, the proposed framework integrates MARFE, which 
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performs lightweight multi-scale adaptive feature extraction, with ALSPH, which generates adaptive binary 

fingerprints using data-driven projections without supervised training. This combination provides an efficient 

balance between detection accuracy, computational cost, and scalability for large-scale image deduplication. 

 

 

Table 1. Comparative analysis of image deduplication methods 
Category Representative methods Strengths Limitations 

Traditional feature-
based 

SIFT [4], HOG [5], LBP [11], 
and locality-sensitive hashing 

(LSH) [8] 

Fast, interpretable, and low-
resource 

Poor robustness to transformations; 
high false positives 

Deep learning-based ResNet [15], FaceNet [18], 
SimCLR [19], ViT [20], [21] 

High accuracy; captures 
semantic features 

Computationally expensive; large 
storage; scalability issues 

Hybrid approaches Hamming embedding [23], 

perceptual hashing [6], and 
double hashing [13] 

Reduced storage; improved 

speed; moderately robust 

Limited scalability; weaker semantic 

awareness than deep embeddings 

Proposed 

MARFE+ALSPH 

Proposed work Combines region-based 

features with adaptive 
hashing; high F1-score; fast 

and scalable 

Requires minimum dataset size for 

ALSPH; higher memory than pHash 

 

 

3. PROPOSED MARFE AND ALSPH FRAMEWORK 

The proposed framework integrates MARFE and ALSPH into a modular image deduplication 

pipeline (Figure 1). Input images are resized and normalized before MARFE extracts discriminative multi-

scale regional features. ALSPH subsequently transforms these features into compact binary fingerprints using 

covariance-guided adaptive projections. Candidate images are retrieved through LSH Forest indexing and 

verified using Hamming distance. Compared with conventional global indexing methods, the proposed 

framework improves computational efficiency while maintaining robustness against common image 

transformations. 

 

 

 
 

Figure 1. System architecture of the proposed image deduplication framework, integrating MARFE and 

ALSPH 

 

 

3.1.  Multi-scale adaptive region-based feature extraction 

MARFE partitions each pre-processed image into 64 non-overlapping blocks and computes the 

average gradient magnitude of each block using Sobel operators. The blocks with the highest gradient 

responses are selected as structurally informative regions for feature extraction. Color moments, LBP [11], 

and discrete cosine transform (DCT) coefficients are extracted and concatenated into a high-dimensional 

feature vector 𝑣ℎ𝑖𝑔ℎ. Principal component analysis (PCA) [24] projects the feature vector into a compact 

representation;  
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𝑣𝑀𝐴𝑅𝐹𝐸 = 𝑊𝑣ℎ𝑖𝑔ℎ  

 

where 𝑊 denotes the learned projection matrix. The resulting feature vector is L2-normalized before hashing. 

Gradient magnitude is computed as: 

 

𝑀(𝑥, 𝑦) = √(𝐼 ∗ 𝐺𝑥)2 + (𝐼 ∗ 𝐺𝑦)2  

 

where 𝐺𝑥  and 𝐺𝑦 are Sobel filters. 

Sensitivity analysis showed that adaptive region selection improves robustness against illumination 

variation, background clutter, and moderate geometric transformations while reducing computational cost. 

Empirical evaluation indicated that partitioning each image into 64 blocks provided the best trade-off 

between accuracy and efficiency. This adaptive strategy allocates computation to structurally informative 

regions while suppressing low-information background areas. 

 

Algorithm 1. MARFE - multi-scale adaptive region-based feature extraction 

Input: Image 𝐼  

Output: Feature vector 𝑣𝑀𝐴𝑅𝐹𝐸 

1. Resize and normalize the input image. 

2. Partition the image into 64 non-overlapping blocks. 

3. Compute Sobel gradient magnitude for each block. 

4. Select blocks with the highest average gradient response. 

5. Extract Color Moments, LBP and DCT features. 

6. Concatenate descriptors into 𝑣ℎ𝑖𝑔ℎ. 

7. Apply PCA for dimensionality reduction. 

8. Normalize the feature vector. 

9. Output 𝑣𝑀𝐴𝑅𝐹𝐸 . 

 

3.2.  Adaptive locality-sensitive perceptual hashing 

ALSPH converts MARFE feature vectors into compact binary fingerprints using covariance-guided 

adaptive projections. Unlike conventional LSH that employs fixed or random projections, ALSPH learns 

projection vectors from the statistical characteristics of the MARFE feature space. For a set of projected 

feature vectors {𝑣𝑀𝐴𝑅𝐹𝐸
(𝑖)

}𝑖=1
𝑁 , the covariance matrix is computed as: 

 

𝐶𝑀𝐴𝑅𝐹𝐸 =
1

𝑁
∑ (𝑁

𝑖=1 𝑣𝑀𝐴𝑅𝐹𝐸
(𝑖)

− 𝜇)(𝑣𝑀𝐴𝑅𝐹𝐸
(𝑖)

− 𝜇)𝑇  

 

where 𝜇 is the mean feature vector. 

Eigen-decomposition of 𝐶𝑀𝐴𝑅𝐹𝐸  yields the principal projection vectors. Each feature vector is 

projected and converted into an 𝐿-bit binary hash according to: 

 

ℎ𝑖 = {
1, 𝑣𝑀𝐴𝑅𝐹𝐸 ⋅ 𝑝𝑖 ≥ 0
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

  

 

where 𝑝𝑖  represents the selected projection vector. 

This covariance-guided projection preserves the intrinsic variance structure of the feature space, 

improving similarity preservation, reducing hash collisions, and generating compact transformation-robust 

fingerprints suitable for scalable image deduplication. Batch-wise adaptation enables stable projection 

learning while maintaining computational efficiency. 

 

Algorithm 2. ALSPH - adaptive locality-sensitive perceptual hashing 

Input: MARFE feature vectors 

Output: Binary hash code 

1. Compute covariance matrix of MARFE feature vectors. 

2. Perform eigen-decomposition. 

3. Select principal projection vectors. 

4. Project feature vectors. 

5. Apply binary quantization. 

6. Generate final 𝐿-bit hash. 



Bulletin of Electr Eng & Inf  ISSN: 2302-9285  

 

MARFE and ALSPH: a high-performance framework for scalable and efficient image … (Rahul Shah) 

4051 

3.3.  Deduplication engine 

The deduplication engine performs duplicate identification using the binary fingerprints generated 

by MARFE and ALSPH. A LSH-based indexing approach is employed for efficient approximate nearest-

neighbour search in high-dimensional feature spaces [25]. For each incoming image, the generated 

fingerprint is queried against the index to retrieve candidate duplicates. A Hamming distance comparison is 

then performed on the candidate set to confirm duplicate matches. Unique images are stored using a content-

addressable storage mechanism, whereas duplicate images are represented through lightweight reference 

pointers, thereby reducing storage requirements while maintaining efficient retrieval [26]. 

 

3.4.  Theoretical framework and mathematical formulation 

The proposed MARFE-ALSPH framework combines adaptive feature selection with data-driven 

projection learning to achieve robust and scalable image deduplication. MARFE identifies perceptually 

significant image regions based on gradient magnitude, preserving discriminative structural information 

while reducing redundant feature extraction in high-dimensional feature spaces [27]. The extracted 

descriptors are transformed into a compact representation using PCA, defined as: 

 

𝑣MARFE = 𝑊𝑇𝑣high  

 

where 𝑣high denotes the aggregated feature vector and W represents the PCA projection matrix [24]. 

ALSPH learns projection vectors from the covariance structure of the MARFE feature space, 

allowing statistically similar images to generate similar binary fingerprints. The binary hash is obtained as: 

 

ℎ𝑖 = {
1 if 𝑣𝑚𝑎𝑟𝑓𝑒 ⋅ 𝑝𝑖 ≥ 0

0 otherwise
,  𝑖 = 1, . . . , 𝐿  

 

where 𝑝𝑖  denotes the 𝑖𝑡ℎ adaptive projection vector. This covariance-guided projection preserves the intrinsic 

variance of the feature space while reducing hash collisions and improving robustness to common image 

transformations.  

 

 

4. EXPERIMENTAL SETUP 

To ensure a systematic and reproducible evaluation of the proposed MARFE-ALSPH framework, 

experiments were conducted using a standardized implementation and evaluation protocol on benchmark and 

large-scale image datasets. The evaluation was designed to assess duplicate detection accuracy, 

computational efficiency, scalability, and storage optimization under realistic operating conditions. The 

framework was implemented using Python 3.9 with OpenCV, NumPy, and PyTorch 1.9.0 on Ubuntu 20.04 

LTS. Experiments were performed on a workstation equipped with an Intel Xeon multi-core processor, 128 

GB RAM, and an NVIDIA Tesla V100 GPU for preprocessing and baseline deep learning comparisons. 

Parallel processing tools were employed to improve large-scale data processing efficiency, while a structured 

database system was used to maintain experimental logs and metadata. 

 

4.1.  Datasets 

The proposed framework was evaluated using benchmark and large-scale image datasets containing 

exact and near-duplicate images with variations in viewpoint, illumination, scaling, compression, and 

rotation. The datasets include INRIA Holidays, Oxford Buildings, UKBench, YFCC100M, and NDID, 

providing diverse visual content and large-scale retrieval scenarios. The complete dataset summary is 

provided in Table 2. 

 

 

Table 2. Summary of key datasets used for evaluation 
Dataset name No. of images Key characteristics and purpose 

INRIA holidays [23] 1,491 High-quality photos with realistic transformations for near-duplicate detection. 

Oxford buildings [28] 5,062 Architectural images with viewpoint and illumination changes. 

UKBench [29] 10,200 Object-centric images in groups of four for similarity evaluation. 
YFCC100M Subset [30] 1,000,000 Web-scale dataset with diverse real-world content. 

NDID 10,000 Tests near-duplicate detection with cropping, resizing, and transformations. 
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4.1.1. Pre-processing 

All images were resized to 256×256 pixels, converted to the Lab colour space, and normalized 

before feature extraction. MARFE extracted multi-scale regional descriptors, while ALSPH generated 

adaptive binary fingerprints using batch-wise covariance estimation. 

 

4.2.  Evaluation metrics 

Performance was evaluated using precision, recall, F1-score, deduplication rate (DR), processing 

throughput (images/s), latency (ms/image), and storage saving (%). Each experiment was repeated multiple 

times, and the reported results represent the average performance under identical experimental conditions. 

 

4.3.  Comparative analysis 

The performance of the proposed MARFE-ALSPH framework was compared with representative 

state-of-the-art image deduplication methods, including SIFT+LSH, DeepDup, VisualDNADedupe, and 

ImgDedupNet. The comparison focused on duplicate detection accuracy, processing speed, storage savings, 

and scalability. The results demonstrate that the proposed framework achieves an effective balance between 

detection accuracy, computational efficiency, and scalability for large-scale image deduplication. 

The comparative results demonstrate that the proposed MARFE-ALSPH framework achieves the 

highest overall performance among the evaluated methods. The framework obtains an F1-score of 0.979, a 

processing speed of 187 images/s, and 49.3% storage savings, while also achieving the highest scalability 

score (0.92). Compared with traditional feature-based methods such as SIFT+LSH and recent deep learning-

based approaches including DeepDup, VisualDNADedupe, and ImgDedupNet, the proposed framework 

provides a better balance between duplicate detection accuracy, computational efficiency, storage 

optimization, and scalability, making it suitable for large-scale image deduplication applications. 

 

4.4.  Ablation study 

To evaluate the contribution of the proposed components, ablation experiments were conducted by 

analysing the performance of MARFE feature extraction and ALSPH hashing individually and in 

combination. The results demonstrate that MARFE improves the discriminative quality of image features, 

while ALSPH enhances the robustness and efficiency of binary fingerprint generation. The combined 

MARFE-ALSPH framework consistently achieves the highest duplicate detection performance, confirming 

the complementary nature of the two proposed components. 

 

4.5.  Scalability and limitations 

Although the proposed MARFE-ALSPH framework demonstrates strong performance for  

large-scale image deduplication, several limitations remain. Performance may decrease under extreme 

geometric transformations and complex overlay-based modifications such as logos and watermarks. In 

addition, the effectiveness of ALSPH depends on representative covariance estimation during adaptive 

projection learning, while computational performance is influenced by the underlying hardware 

configuration. Future work will focus on improving robustness to complex transformations and extending the 

framework to video and multimodal deduplication applications. 

 

 

5. RESULTS AND DISCUSSION 

This section presents the experimental results of the proposed MARFE-ALSPH framework. The 

evaluation focuses on duplicate detection accuracy, computational efficiency, storage optimization, and 

scalability using benchmark and large-scale image datasets. The proposed framework is compared with 

representative state-of-the-art image deduplication methods to demonstrate its effectiveness under realistic 

operating conditions. 

 

5.1.  Overall performance 

The comparative performance of the proposed MARFE-ALSPH framework is summarized in  

Table 3. The proposed framework achieved the highest F1-score (0.979), processing speed (187 images/s), 

storage savings (49.3%), and scalability score (0.92) among the evaluated methods. Compared with 

SIFT+LSH, DeepDup, VisualDNADedupe, and ImgDedupNet, the proposed framework provides a balanced 

trade-off between duplicate detection accuracy, computational efficiency, storage optimization, and 

scalability. These results demonstrate that the combination of adaptive region-based feature extraction and 

covariance-guided perceptual hashing effectively improves duplicate detection while maintaining efficient 

large-scale processing. 
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Table 3. MARFE+ALSPH performance comparison with state-of-the-art methods 
Method F1-score Processing speed (img/s) Storage savings (%) Scalability score 

SIFT+LSH [4], [8] 0.945 132 41.7 0.85 
DeepDup  0.968 95 47.2 0.79 

VisualDNADedupe 0.953 156 44.6 0.88 

ImgDedupNet  0.971 108 46.8 0.83 
Proposed MARFE+ALSPH 0.979 187 49.3 0.92 

 

 

5.2.  Transformation robustness 

Figure 2 compares the robustness of the proposed ALSPH hashing algorithm with conventional 

perceptual hashing methods, including pHash, aHash, and dHash, under common image transformations. The 

proposed ALSPH consistently achieves the highest performance across rotation, scaling, compression, 

brightness variation, and cropping. The improvement is particularly evident under geometric and photometric 

transformations, demonstrating that the adaptive covariance-guided hashing strategy generates more stable 

and discriminative binary fingerprints than conventional perceptual hashing techniques. These results 

confirm that ALSPH provides improved robustness while maintaining computational efficiency for practical 

image deduplication applications. 

 

 

 
 

Figure 2. Robustness of ALSPH to image transformations compared to other hashing methods 

 

 

5.3.  Scalability analysis 

The scalability of the proposed framework was evaluated using datasets ranging from 10,000 to 10 

million images. As illustrated in Figure 3, the processing time increases with dataset size, with a more 

pronounced increase at larger dataset scales, while the processing throughput remains relatively stable. The 

F1-score decreases only marginally from 0.981 to 0.975, while the processing speed decreases from 195 to 

179 images/s because of the increased indexing and memory overhead associated with larger datasets. 

Furthermore, storage savings remain nearly constant, varying from 49.7% to 48.8%, indicating consistent 

storage optimization across different dataset sizes. These results demonstrate that the proposed framework 

scales efficiently while maintaining robust duplicate detection performance. 

 

5.4.  Discussion 

The experimental results demonstrate that the proposed MARFE-ALSPH framework successfully 

addresses the trade-off between duplicate detection accuracy and computational efficiency in large-scale 

image deduplication. MARFE improves feature representation by focusing on structurally informative image 

regions, while ALSPH enhances perceptual hashing through adaptive covariance-guided projection learning. 

The complementary integration of these components enables accurate duplicate detection while reducing 

computational overhead and storage requirements. Compared with existing image deduplication approaches 

that focus on efficient visual indexing, retrieval, and resource optimization [31], the proposed framework 

achieves competitive detection performance with significantly improved processing efficiency and 

scalability. These characteristics make the framework suitable for practical deployment in applications such 

as cloud storage systems, digital asset management, multimedia repositories, and large-scale image retrieval. 
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Figure 3. MARFE+ALSPH engine processing speed and scalability 

 

 

6. CONCLUSION 

This paper introduced an efficient and scalable image deduplication framework based on the novel 

MARFE feature extraction and ALSPH hashing techniques. By intelligently balancing accuracy and 

computational efficiency, the proposed system addresses a critical challenge in large-scale data management. 

Experimental results provide strong evidence of its superior performance, achieving a state-of-the-art  

F1-score of 0.979 while demonstrating significantly faster processing and greater storage efficiency 

compared to existing methods. The adaptive, data-driven design of its components ensures robustness and 

versatility across a wide range of image types and transformations. 

Future work could explore extending this framework to other media types like video, further 

optimizing the algorithms for real-time stream processing, and investigating the use of hardware acceleration 

for even greater performance. The MARFE+ALSPH system represents a significant step forward, offering a 

practical, high-performance solution for managing the ever-growing repositories of digital images in real-

world applications. 
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