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Abstract 

In large scale image retrieval and big data analytics it is a big challenge to search similar images from 

high dimensional data. Mostly used algorithms are Locality Sensitive Hashing and Random 

Projection Based Hashing. They are widely used for approximate nearest neighbor searching. These 

two algorithms treat all input features uniformly while they ignore feature importance and class 

separability. In this research we aim to propose a lightweight hashing framework named Adaptive 

Feature Aware Hashing which integrates feature weighting prior to projection-based hashing. The 

algorithm computes data-driven feature weights using variance, between-class separability, and 

Fisher-style discriminative criteria to enhance discriminative power during hash code generation. We 

also incorporated multi table and multi probe hashing which enhances discriminative power during 

hash code generation. For this research we used MNISH dataset for experimental evaluation. We 

compared the results against a Baseline Locality-Sensitive Hashing (LSH) method using random 

projections. Our results indicate that The AFAH methods (v1 and v2 Fisher) significantly improved 

both precision and recall compared to the Baseline LSH, with AFAH v2 Fisher showing the highest 

precision (0.7557) and AFAH v1 having the highest recall (0.2285).  

Keywords: image retrieval; big data analytics; hashing; feature weighting 

1. Introduction

Approximate Nearest Neighbor search is a method which is used to quickly find those items

that are similar or close to a query item in a very large dataset [1,2]. It works on by computing the 

most similar vector by computing distance with all data points. Since digital data is exponentially 

growing [3–5], hence this technique has become fundamental in computer vision [6–8], data mining 

[9–11], and large-scale analytics [12–14]. Assuming a simple example of searching 10 million images 

in dataset where the query is “search handwritten digit 5”, to find similar images the normal technique 

or method is to compare the query with all 10 million images. But high-dimensional feature 

representations significantly increase computational complexity in similar search tasks. Hashing-

based methods like random projection-based Locality-Sensitive Hashing address this challenge by 

mapping high-dimensional vectors into compact binary codes that preserve similarity relationships 

[15,16]. However, traditional hashing schemes assume uniform feature importance [17]. In real-world 

data, especially image datasets, certain features contribute more significantly to discriminative power 

than others. Ignoring this imbalance reduces retrieval performance and increases collision 

inefficiency [18,19]. 

In this research we combine the idea of feature weighting, projection hashing and multi table 

hashing and propose AFAH (Adaptive Feature-Aware Hashing) algorithm. In normal feature 

hashing pixels/features are treated all equally. In images normally, edges, shapes and strokes are 

more important than background pixels. In AFAH images with similar codes are stored in the same 

bucket. So, when the search is made, the system only checks a few buckets instead of millions of 
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images. The algorithm does this by giving higher weight to important features, so similar images are 

more likely to end up in the same bucket. Figure 1 shows some real-world use cases of the algorithm’s 

application. 

 

Figure 1. Use cases of Adaptive Feature-Aware Hashing. 

AFAH helps computers quickly find similar items in huge datasets by converting data into 

compact binary codes while giving more importance to meaningful features. The proposed algorithm 

is built upon classical random projection hashing and locality-sensitive hashing methods. 

Our core contributions are: 

• We proposed Adaptive Feature-Aware Hashing (AFAH) framework. 

• We introduced Fisher-based feature weighting for projection hashing. 

• We integrated multi-table and multi-probe strategies. 

• We provided comprehensive ablation analysis on hashing parameters. 

• We demonstrated practical scalability with minimal computational overhead. 

2. Literature Review 

In computer vision and big data analytics efficient image retrieval from large-scale datasets is a 

very important and fundamental problem. Traditional exact nearest neighbor search becomes 

computationally expensive when dealing with high-dimensional image features and massive image 

repositories. Hashing-based approximate nearest neighbors are mostly and widely used algorithms 

adopted due to their ability to convert high-dimensional data into compact binary codes that enable 

fast similarity search. Locality-Sensitive Hashing introduced probabilistic guarantees for similarity 

preservation under random projections. It is one of the most widely used methods for large-scale 

image retrieval because of its theoretical guarantees and computational efficiency. 

The integration of deep learning with hashing methods to improve retrieval performance has 

also been studied recently by [19]. The authors produced a CNN combined with an attention 

mechanism to enhance locality-sensitive hashing for image retrieval. Similarly, [20] introduced a 

deep locality-sensitive hashing architecture that integrates convolutional neural networks with 

hashing mechanisms. The author’s findings show that the adopted method enhanced both retrieval 

accuracy and efficiency. 

AFAH 

Use cases

Image Seaarch

Big Data Analytics

Duplicate 
Detection

Recomendation 
Systems

Find similar images quickly in large databases. 

 

Find users with similar behavior. 

 

Fast similarity search in massive datasets. 

 

Detect similar photos in social media. 
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With the growing complexity of image datasets, several works have focused on improving 

hashing robustness for degraded or noisy images. Like the work of [21], where the authors used a 

self-supervised deep hashing approach designed specifically for retrieving degraded images in large-

scale datasets. The hashing approach has also been used in biometric systems by [22]. Locality-

sensitive hashing has also been widely used in visual search systems and biometric security 

applications like [23] introduced a visual search system powered by locality-sensitive hashing to 

perform efficient large-scale image search. In another study, [24] investigated the reversibility and 

security aspects of locality-sensitive hashing-based biometric template protection systems. 

Although deep hashing methods have significantly improved retrieval accuracy [25–28], they 

often require extensive training data, large computational resources, and complex optimization 

procedures [29]. Training deep neural networks for feature extraction and hashing can be 

computationally expensive, particularly for large-scale systems or resource-constrained 

environments [30,31]. Deploying these deep models in real-time retrieval applications may introduce 

latency and memory overhead. Lightweight hashing techniques that do not require deep neural 

network training remain an important research direction for scalable similarity search. 

In this context, classical locality-sensitive hashing remains attractive due to its simplicity, 

theoretical guarantees, and fast indexing capabilities. However, traditional projection-based hashing 

methods treat all features equally and do not exploit feature importance or discriminative 

characteristics within the data. This limitation can reduce retrieval effectiveness, particularly when 

certain dimensions contain more informative patterns. 

In this research we address this limitation by proposing Adaptive Feature-Aware Hashing 

(AFAH) framework. Our proposed algorithm enhances classical hashing methods by incorporating 

data-driven feature weighting before hash code generation. Unlike deep hashing approaches, the 

proposed method does not require neural network training and instead utilizes statistical measures 

such as variance and Fisher discriminative criteria to adaptively emphasize informative features. 

3. Methodology 

In this research we introduce a lightweight hashing-based framework for efficient similarity 

search in large image datasets [32–34]. Our methodology focuses on improving traditional hashing 

techniques by incorporating adaptive feature weighting before hash code generation. Compared to 

recent deep learning approaches that require computationally expensive training procedures [35], 

our proposed method relies on statistical feature analysis combined with random projection hashing 

to produce compact binary codes that preserve similarity relationships among images [36–38]. 

The proposed AFAH framework consists of five main stages: feature representation, adaptive 

feature weighting, hash code generation, hash table indexing, and approximate nearest neighbor 

retrieval. Figure 2 shows our methodology pipeline and Algorithms 1 and 2 describe the two main 

operations of our proposed method: 

 

Figure 2. Five Step Adaptive Hashing Pipeline. 

First, images are represented as numerical feature vectors. In this study, the MNIST handwritten 

digit dataset is used for experimentation. Each image in the dataset has a resolution of 28 × 28 pixels. 

The pixel values are normalized and flattened into a vector of length 784. 
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The mathematical operations can be performed on this vector representation. For example, an 

image of a handwritten digit can be represented as a feature vector: 

[0.12, 0.03, 0.88, 0.76, … , 0.45] 

where each element corresponds to a pixel intensity value. 

The second stage involves adaptive feature weighting. In this step we compute feature 

importance weights using statistical measures derived from the dataset. We used variance-based 

weighting and Fisher discriminative weighting to determine how important each feature dimension 

is. Features with higher variance or stronger class separation are assigned to larger weights, while 

less informative features receive lower weights. The original feature vector is then multiplied 

element-wise with the computed weight vector, producing a weighted feature representation that 

emphasizes informative dimensions. 

In the third stage, weighted feature vectors are transformed into compact binary hash codes 

using random projection hashing. A random projection matrix is generated, and the weighted feature 

vector is projected into a lower-dimensional space. The sign of each projection value determines the 

binary hash bit. If the projected value is positive, the bit is set to 1; otherwise, it is set to 0. This process 

produces a binary code representing the image. For example, a feature vector may be converted into 

a hash code such as: 

1010100110010110 

These binary codes are significantly smaller than the original feature vectors and allow efficient 

indexing and comparison. 

The fourth stage constructs multiple hash tables to improve retrieval performance. Each hash 

table uses a different random projection matrix to generate independent hash codes (keys for storing 

image indices). Similar images are more likely to collide in at least one of these hash tables. 

Finally, approximate nearest neighbor search is performed using the hash tables. When a query 

image is provided, its feature vector is processed using the same weighting and hashing steps to 

generate a binary code. Instead of comparing the query with every image in the dataset, the system 

searches only the relevant hash buckets containing similar codes. A multi-probe strategy is also used 

to examine nearby buckets with small Hamming distance to improve recall. The retrieved candidate 

images are then ranked using Euclidean distance to identify the most similar results. 

For example, when a query image of the handwritten digit “5” is provided, the algorithm 

generates its binary hash code and retrieves images stored in matching or nearby buckets. These 

candidates are then compared using distance measures, allowing the system to quickly return the 

most similar digit images from the dataset. 

 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 March 2026 doi:10.20944/preprints202603.0989.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0989.v1
http://creativecommons.org/licenses/by/4.0/


 5 of 12 

 

 

4. Experimental Results 

We conducted experiments using the MNIST dataset where each image is represented by a 784-

dimensional feature vector corresponding to pixel intensities. The dataset was divided into an 

indexing set containing 59,500 images and a query set containing 10,500 images. We evaluated using 

the metrics included Precision@K, Recall@K, query processing time, and the number of retrieved 

candidate images. 

4.1. Qualitative Retrieval Results 

The qualitative retrieval examples in the results showed and demonstrated the effectiveness of 

the proposed hashing framework in identifying visually similar images. In Figure 3(a) we can see the 

retrieval results using the proposed AFAH v2 (Fisher weighting) method for a query image 

representing the digit “9”. The retrieved top-10 results are visually similar and correctly correspond 

to the same digit class. In Figure 3(b) we can see the baseline Random Projection Locality-Sensitive 

Hashing (LSH) method for the same query image. Although the baseline method also retrieves the 

correct matches, the retrieved images show slightly greater variability compared to the proposed 

method. This indicates that adaptive feature weighting helps improve similar preservation in the 

hashing process. 

 

(a) AFAH Fisher Retrieval (top-10) 

 

    (b) Baseline LSH Retrieval (top-10) 

Figure 3. AFAH Fisher retrieval (top-10) vs Baseline LSH Retrieval. 

4.2. Impact of Multi-Probe Radius 

The influence of the multi-probe search radius on retrieval performance is depicted in Figure 4. 

Increasing the Hamming search radius allows the system to explore neighboring hash buckets, 
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thereby retrieving additional candidate images. As shown in Figure 3, increasing the radius from 0 

to 2 leads to a significant improvement in retrieval performance. Precision@K increases from 

approximately 0.42 to 0.88, while Recall@K improves from approximately 0.12 to 0.27. This means 

and indicates that exploring neighboring hash buckets substantially increases the likelihood of 

retrieving relevant images. However, larger radii may also increase computational cost. This suggest 

that moderate radius values provide a good balance between retrieval quality and efficiency [39,40]. 

 

Figure 4. Multi Probe Radius Effect (AFAH Fisher). 

4.3. Hashing Parameter Sensitivity 

The performance of hashing methods strongly depends on two key parameters: the number of 

hash bits (b) and the number of hash tables (L). To analyze their effects, extensive ablation 

experiments were conducted. 

Figure 5(a) and Figure 5(b) present heatmaps of query processing time for AFAH and baseline 

LSH respectively across different parameter configurations. The results show that increasing the 

number of hash tables increases query time because more candidate buckets must be searched. 

Conversely, increasing the number of hash bits generally reduces the query time because larger hash 

spaces reduce bucket collisions. 

  
(a) AFAH Query Time (ms) Heatmap (b) Baseline Query Time (ms) Heatmap 

Figure 5. Query Time Heatmap. 

4.4. Precision and Recall Performance Analysis 
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The precision performance across different parameter configurations is shown in Figure 6(a) for 

AFAH and Figure 6(b) for the baseline LSH method. Both methods achieve higher precision when 

fewer hash bits are used and when the number of hash tables increases. 

For example, when using 16 hash bits and 12 hash tables, both methods achieve precision values 

exceeding 0.90. However, AFAH consistently demonstrates slightly higher precision across most 

parameter configurations. We can say that adaptive feature weighting helps preserve similarity 

relationships during the hashing process. 

  
(a) AFAH Precision@K Heatmap (b) Baseline LSH Precision@K Heatmap 

Figure 6. AFAH vs Baseline Precision Heatmaps. 

Recall performance also of the baseline LSH method is compared with AFAH in Figure 7(a) and 

(b) . Similar trends are observed in which smaller hash dimensions and larger numbers of hash tables 

improve recall performance. Higher recall values indicate that the system retrieves a greater 

proportion of relevant images. We can see that increasing the number of tables increases the 

probability that similar images collide in at least one hash table. Consequently, multi-table hashing 

significantly improves retrieval coverage. 

 

Figure 7. Feature Weight Visualization. 

4.5. Feature Weight Visualization 

The feature importance weights learned by the Fisher-based AFAH method is visualized in 

Figure 7. The heatmap shows that the algorithm assigns larger weights to central image regions 

corresponding to the digit strokes, while background pixels receive lower weights. This confirms that 

the adaptive weighting strategy successfully identifies informative features within the image 

representation. 

The distribution of candidate images retrieved per query is shown in Figure 7. The AFAH 

variants retrieve a larger number of candidate images compared to the baseline LSH method. While 

this slightly increases query processing time, it significantly improves retrieval accuracy because 

more relevant images are included in the candidate set. 
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The Fisher-based AFAH method retrieves approximately 525 candidate images per query on 

average, compared to approximately 342 candidates for baseline LSH. This broader candidate pool 

contributes to improved precision and recall. 

4.6. Overall Performance Comparison 

A direct comparison of retrieval performance is presented in Figure 8(a, b and c). The baseline 

LSH method achieves a Precision@50 of 0.7127 and Recall@50 of 0.2168 with an average query time 

of 2.05 ms. In contrast, the AFAH v1 method achieves a Precision@50 of 0.7553 and Recall@50 of 

0.2285 with a query time of 2.83 ms. Similarly, the Fisher-weighted AFAH v2 method achieves 

Precision@50 of 0.7557 and Recall@50 of 0.2265 with a query time of 2.71 ms. 

 

(a) AFAH vs Baseline (K-50) 

 

(b) Bucket Size (Collision) Distribution 
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(c) Candidates per Query Distribution 

Figure 8. Overall Performance Comparison Bar charts. 

4.7. Alpha Parameter Sensitivity 

We can see in Figure 9 the impact of the weighting parameter α used in AFAH v1, which controls 

the balance between variance-based and separability-based feature weighting. The results show that 

α = 0.0 provides the best performance, indicating that separability-based weighting contributes more 

effectively to discriminative hashing than variance-based weighting alone. 

 

Figure 9. AFAH Alpha Sweep (Var vs Seprability Mix). 

6. Discussion 

From the results we can see that lightweight statistical feature adaptation can enhance classical 

hashing frameworks without deep learning overhead. This makes AFAH suitable for big data 

systems, embedded devices, and memory-constrained retrieval applications. We summarize our 

results as below: 

(a) Adaptive feature weighting improves similarity preservation in hashing-based retrieval 

systems. 

(b) Multi-table hashing significantly increases recall by increasing collision opportunities among 

similar images. 

(c) Multi-probe search improves retrieval accuracy by exploring neighboring hash buckets. 
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(d) The proposed AFAH method achieves higher precision and recall compared to traditional LSH 

while maintaining comparable query efficiency. 

To analyze the impact of the feature weighting parameter α in the proposed AFAH v1 

framework, an ablation experiment was conducted by varying the α value between 0.0 and 1.0. The 

parameter α controls the balance between variance-based weighting and class separability-based 

weighting in the feature importance computation stage. Specifically, α = 1 emphasizes variance-based 

weighting, whereas α = 0 relies entirely on separability-based weighting. The results of this 

experiment are summarized in Table 1, which reports Precision@50, Recall@50, average query time, 

and the average number of candidate images retrieved per query. 

Table 1. Effect of α on Retrieval Performance in AFAH. 

α Value Precision@50 Recall@50 Query Time (ms) Avg. Candidates 

0.0 0.7868 0.2283 2.96 615.4 

0.2 0.7749 0.2279 2.81 573.5 

0.5 0.7680 0.2204 2.82 534.3 

0.8 0.7712 0.2217 2.71 519.2 

1.0 0.7655 0.2223 2.52 501.9 

The results indicate that α = 0.0 achieves the best overall retrieval performance, obtaining the 

highest Precision@50 and Recall@50 values. Thus separability-based feature weighting contributes 

more effectively to discriminative hashing compared to variance-based weighting alone. As we 

increased the α, the number of candidate images decreases slightly, which reduces query time but 

also results in a minor decrease in retrieval performance. 

8. Conclusion 

In this research, we proposed a simple method called Adaptive Feature-Aware Hashing (AFAH) 

for fast image retrieval. The idea of this method is to give more importance to useful features in the 

data before generating hash codes. Two versions of the method were studied: AFAH v1, which uses 

variance and class separability, and AFAH v2, which uses Fisher-style feature weighting. 

Experiments were conducted using the MNIST dataset to test the effectiveness of the proposed 

method. The results show that AFAH improves retrieval performance compared with the traditional 

Locality-Sensitive Hashing (LSH) method. In particular, AFAH achieves higher Precision@50 and 

Recall@50 values, which means it can find more correct and relevant images during retrieval. 

Although AFAH requires slightly more query time and retrieves more candidate images than 

the baseline LSH method, the improvement in retrieval accuracy makes this trade-off reasonable for 

many real-world applications. The ablation experiments also showed that the proposed method 

performs well under different parameter settings and benefits from multi-probe search strategies. In 

the future, this method can be extended to larger datasets and more complex image features. It can 

also be combined with deep learning feature extractors to further improve retrieval performance. 
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