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Abstract

:

Indexing images by content is one of the most used computer vision methods, where various techniques are used to extract visual characteristics from images. The deluge of data surrounding us, due the high use of social and diverse media acquisition systems, has created a major challenge for classical multimedia processing systems. This problem is referred to as the ‘curse of dimensionality’. In the literature, several methods have been used to decrease the high dimension of features, including principal component analysis (PCA) and locality sensitive hashing (LSH). Some methods, such as VA-File or binary tree, can be used to accelerate the search phase. In this paper, we propose an efficient approach that exploits three particular methods, those being PCA and LSH for dimensionality reduction, and the VA-File method to accelerate the search phase. This combined approach is fast and can be used for high dimensionality features. Indeed, our method consists of three phases: (1) image indexing within SIFT and SURF algorithms, (2) compressing the data using LSH and PCA, and (3) finally launching the image retrieval process, which is accelerated by using a VA-File approach.
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1. Introduction


In recent years, many applications have emerged quickly due to the high use of social media, such as Facebook and Twitter. Several multimedia applications contain an extremely high volume of multimedia data (sound, video, and images). These applications are used in different fields, including video surveillance, pattern recognition, and medical applications. The main challenge is to have quick access to this huge dataset in order to index the data in a reasonable time. In the field of image processing, the most used methods for navigating large databases are the famous content-based image retrieval (CBIR) methods [1]. These methods are generally based on three phases: feature extraction, similarity measurement, and the search phase, which must be in real time. CBIR methods consist of automatically detecting and extracting visual features from images such as global and local features by applying some means of image processing algorithms [2]. CBIR systems extract the features of the users image (query) [3], which are then compared to the database’s image features (indexing phase). The result of this process is a list of the most similar images to the users’ image (query).



In this context, reducing the dimension of the features is a critical step when using high dimension data [4]. The idea is to minimize the dimension in order to speed up the search phase, as well as to be able to read this data with a normal computer. For that reason, dimensionality reduction methods are essential to overcoming the ‘curse of dimensionality’ [5,6,7].



We propose in this paper a new approach for image retrieval systems, achieving a fast CBIR system with dimensionality reduction and a fast search approach. First, we use SIFT and SURF algorithms to extract features. The result of these algorithms is a matrix with high dimension. Then, two methods, PCA and LSH, are exploited to minimize the dimensions of these features. Finally, the VA-File algorithm is used to speed up the search phase. This paper is organized as follows: some related works in the field of large-scale image retrieval and dimensionality reduction are shown in Section 2. Our approach is explained in Section 3, while Section 4 analyzes the performance of our results. Finally, we present the conclusions in the last Section 5.




2. Related Work


In this section, we present the related works linked to the different methods used. Since our approach is related to three main domains, those being CBIR, the ‘curse of dimensionality’, and indexing, we propose a related work section divided into three parts, treating each of these domains in turn.



2.1. CBIR (Content-Based Image Retrieval) System


The CBIR framework is a computer system used for visualizing, finding through, and retrieving images from a huge database of digital images. In this domain, diverse works have been proposed for the domains of commerce, government, academia, and hospitals, where large collections of digital images are created [1]. Many of these collections are the product of digitizing existing collections of analog photographs, diagrams, drawings, paintings, and prints [1]. Usually, the only way of searching through these digital data is by using a keyword, or just by browsing. Moreover, digital image data sets have opened the approach to content-based searching [8].



On the other hand, the authors in [9] used an image match criteria and a system that uses spatial information and visual features represented by dominant wavelet coefficients [1]. Although their system provides improved matching over image distance norms, it does not support any index structure. In fact, they mainly focused on efficient feature extraction by using wavelet transformation rather than an index structure to support speedy retrieval [1].



The QBIC system proposed in [10] presents one of the most notable techniques, developed by IBM, for querying by image content [1]. This allows the user to compose a query based on a variety of different visual properties, such as color, shape, and texture, which are semi-automatically extracted from the images. This method partially uses R*-tree as an image indexing method [1,11,12].




2.2. Dimensionality Reduction


Various methods of dimensionality reduction, such as PCA and LSH, can be found in the literature. For example, for the PCA approach, the authors in [13] proposed a method allowing the vector of locally aggregated descriptors (VLAD) to be improved. Their approach is based on a linear discriminant analysis (LDA) method to reduce the dimensionality of the VLAD descriptor. They used the nearest neighbor distance ratio to choose the nearest set so that the correspondence between a feature and the set was more stable [14].



The authors in [15] presented a new approach based on the random projection of the dimensionality reduction of high-dimensional datasets. The criteria used in this approach were the amount of distortion caused by the method and its computational complexity. Their results indicate that the projection still has a fast computing time [14].



In [16], the authors decided to reduce the dimensionality of their generated features from 170,000 to 20. The result obtained showed that a small output dimensionality is sufficient for a small number of object classes, in this case. These techniques showed excellent performance for text and facial features [14,17,18,19].



Recently with the apparition of CNN (convolutional neural network), the authors in [20] presented and showed three dimensionality reduction methods called regional maximum activation of convolutions (RMAC), RMAC+ and Multi-scale regional maximum activation of convolutions (MS-RMAC). They also explained and detailed the best position of each method layer that fit with CNN architecture. The results obtained show the efficiency of the use of dimensionality reduction methods, even with CNN architecture.



The authors in [21] proposed an approach based on CNN architecture Inception V4 as the backbone network to extract the deep features of the feature maps generated from the first reduction block of Inception V4 through using 5 × 5 convolutional kernels that are extracted and reorganized.



In the following section, we present the state of the art related to the LSH method, which is used to compress and reduce the dimensions of features. Several works have used the LSH algorithm, such as [22], in which the authors developed a new approach based on the Fisher vector. Their approach uses different methods of hashing, such as LSH and SH, in order to reduce the Fisher vector. First, they extracted the Fisher vector, as its size depends on the datasets of images. In this case, the LSH function was applied to reduce the size of this vector. The experiments were applied to two datasets: holidays (holidays data sets: http://lear.inrialpes.fr/jegou/data.php, accessed on 3 May 2022 ) and the benchmark of the University of Kentucky (https://www.uky.edu/iraa/benchmark-institutions, accessed on 3 May 2022). The obtained results show that the Fisher vector is good for image retrieval but has a high dimension. On the other hand, the combination between LSH and SH for high dimensions allowed the results to be improved.



The authors in [23] presented a new supervised approach of hashing for image retrieval. This approach adapted the image representation compared to the hashing functions. The proposed method first divided the matrix of semantic similarity into two values of approximate hash codes for the learning image. After that, they applied a convolutional neural network to learn this value and used the MNIST dataset. The obtained results showed the interest of using hash functions when the dimensions of the feature vectors are very large.




2.3. Approximation Indexing Methods


Approximation indexing methods are generally used to deal with high-dimension problems. We can use multidimensional indexing techniques by proposing an indexing method which makes an approximation of the space. In the literature, we can find many works that use these methods, such as in [15], where the authors provided a new approach, which is very efficient for high-dimensional data based on edges. The experiment’s results showed that their approach was more efficient and dynamic compared to the pyramid technique.



In light of the above-mentioned problem, in this work, we propose an approach based on PCA and LSH for dimensionality reduction. The VA-File method is then used to accelerate the search phase, which is necessary for the main goal of this paper.





3. Proposed Method


The main objective of our method is to index images within a system that allows users to perform a fast and accurate search within a set of images. Our approach is based on three phases. First, a features extraction process is applied by using the SIFT and SURF methods. Secondly, we apply PCA and LSH as dimensionality reduction methods in order to reduce the dimensions of any features [1]. Finally, we use the VA-File method in order to speed up the search engine phase. We combined PCA, LSH and VA-File and compared this combination with other combinations. We kept the best combination that maintained the same accuracy. We can resume our approach within the schema shown in Figure 1.



3.1. Pre-Processing


As mentioned in our previous work, the best filter algorithm that matches with both SIFT or SURF algorithms is the Gaussian blur. It is a kind of image blurring filter that uses a Gaussian function for calculating the transformation applied to each pixel in the image [1,24]. We can resume the process of applying the Gaussian filter (pretreatment) as in Algorithm 1.






	Algorithm 1: Pretreatment



	
	
Ensure:    j p g _ f i l e s  :Image data sets;



	
        j p g _ f i l e s ← ∅  ;



	
   Read   N b r − o f − i m a g e  ;



	
   for  j : 1   to   N b r − o f − i m a g e   do



	
            i m g _ j ← G e t _ T h e _ I m a g e ( j )  ;



	
            i m g _ G  B j  ← GaussianBlur  ( i m g _ j )   ;



	
           j p g _ f i l e s ← j p g _ f i l e s ∪ i m g _ G  B j   ;



	
end for



	
return   j p g _ f i l e s  ;













The input of Algorithm 1 is a set of images. Once the algorithm is applied, we can calculate the Gaussian blur for all the images and store them in a new folder. This output is then used as the input for the next step.




3.2. Features Extraction


For features extraction, we use the SIFT and SURF algorithms for the image features. These algorithms allow points of interest, also called key points, to be extracted [25]. Each image descriptor can then be compared, or matched, to the descriptors extracted from other images [1].



	1.

	
SIFT descriptor: The SIFT descriptor presented in [26] provides a solution for indexing images [27]. In our case, we use OpenCV (OpenCV: https://opencv.org/, accessed on 3 May 2022) as the library to calculate the SIFT descriptor [27]. The result of this descriptor is presented by a matrix of n line and 128 column [1].




	2.

	
SURF descriptor:



The SURF descriptor is based on the SIFT descriptor. In this case, we also use the OpenCV library for calculating the SURF descriptor. The result of applying this descriptor is a matrix of n lines and 64 columns. Note that the SURF method is faster than the SIFT method [1].







The comparison between SIFT and SURF features is done by the use of a similarity measure, such as the following:




	1.

	
Brute-force matcher: one of the famous methods that can be used with the SIFT feature descriptor for image comparison. The algorithm takes the descriptor of one feature from the first set and matches it with all the other features in the second set by using distance calculations, and the closest one is returned [1,14].




	2.

	
FLANN-based matcher: FLANN [28] uses the approximation of the nearest neighbors methods. It is faster than the brute-force matcher for big data. The FLANN measure uses the K-means [29] for generic feature matching [1].










3.3. Dimensionality Reduction


In this paper, we use the dimensionality reduction methods PCA [1,30] and LSH to minimize the dimension of features.



3.3.1. Principal Component Analysis (PCA)


The main objective of our approach is to provide a solution that minimizes the dimension of the features. The first method used is PCA. In our previous work, we found that the best compression ratio that matched the SIFT and SURF features, without a loss in precision, was 70% [1]. The compression dimension of SIFT was calculated as shown in Equation (1):


  N c o m p r e s s i o n = 128 − ( N ∗ 128 / 100 )  



(1)







The compression dimension of SURF is calculated as shown in (2) [14]:


  N c o m p r e s s i o n = 64 − ( N ∗ 64 / 100 )  



(2)




where N is between 10 and 90 [14].




3.3.2. Locality Sensitive Hashing (LSH)


LSH presents a solution that allows the ‘curse of dimensionality’ to be overcome. The principle idea of LSH is the use of many functions of hashing with the same point. The steps of applying this method are as follows:




	1

	
Pre-treatment (indexation): The algorithm uses l different hashing functions. A hashing function f is obtained by a concatenation of randomly chosen i hashing functions. After that, the algorithm creates l hashing tables, where each table corresponds to a hash function. Each table i contains the result of the hash function   f i  . No empty tables are kept.




	2.

	
Search for query (q): The algorithm uses the same hashing functions, defined in Section 1, to calculate the hash of this query image. We compare the results within the l hashing tables, and find the hash points in the same position as in query q. The breakpoint of the algorithm is when a point is found in the table.











3.4. Vector Approximation File (VA-FILE)


The VA-File is an approximation method that can be used for indexing. It offers good performance for the ‘curse of dimensionality’, and it is based on the compression of data. The principle idea of this approach is as follows:




	1.

	
The algorithm uses two files. The first contains all the vectors of the database. In our case, the vectors are the SIFT or SURF features. The second file contains the approximation geometric of these vectors, as shown in Figure 2.




	2.

	
For the first query, the approximation file is sequentially reddened in order to select all the vectors that can be integrated into the final result. After that, the access to the data file is based on the result of the first step.




	3.

	
Then, the sequential search is performed on the approximation file (small size), which makes the search very fast, since it is based on a reduced subset of vectors, as shown in Figure 3.




	4.

	
To perform a KNN search using a VA-File, there are two methods: the simple scan algorithm (VA-SSA) or the near optimal algorithm (VA-NOA). In our case, we used VA-SSA, as shown in Algorithm 2.









Algorithm 2 needs to apply a first query to calculate the distance between this query and all the points in the vector features. After that, the algorithm can just compare this distance with the new query. If the distance is less than that calculated with the first query, then we can update the distance and add this point to the similar points.






	Algorithm 2: Algorithm VA-NOA



	
	
Require:   γ  distance;



	
Ensure: vi the approximation vector, vd: file of distance, req1: the first query, req: a



   normal query, dist1: the distance function between req1 and vi, dist2: the distance



   function between req and req1;



	
   for all the points of the vector vi do



	
         γ  = max(dist1(req1,vi))



	
        vd += dist1(req1,vi)



	
end for



	
for all i ∈ all points of vector vi do



	
    if dist2(req1,req) <  γ  then



	
        if dist2(req,req1) <  γ  then



	
            add the point i with the similar points



	
            update vd



	
             γ = max  (vd)



	
        end if



	
    end if



	
end for



	
return the similar points;















4. Experimental Results and Analysis


Our approach is evaluated by using the recall and precision metrics.



4.1. The Evaluation Metric


In CBIR, the recall and precision graph are one of the most famous metrics used for the evaluation. Calculating recall precision needs at least three queries. Based on these queries, we can apply the following equations:


  Recall =   correct  of  positive  number   all  positive  of  number    



(3)






  Precision =   correct  of  positive  number   all  matches  of  number    



(4)








4.2. Experimental Results


In our approach, we use several image data sets to demonstrate the effect of our approach within the problem of large-scale image retrieval. Indeed, two different image databases are used, including Wang (Wang: http://wang.ist.psu.edu/docs/related/, accessed on 3 May 2022) which contains 10,000 images and 100 classes, and ImageNet (ImageNet: http://www.image-net.org/, accessed on 3 May 2022) which contains 10,000 classes and 16 millions of images. All the experiments are implemented by using the following hardware:




	
CPU: Intel XEON with 64 threads.



	
GPU: 4 × GTX 1080ti with 12 GB of RAM.



	
RAM: 128 GB.








The proposed approach shown in this paper is based on four phases: features extraction, data compression within PCA and LSH, the combination between PCA and LSH, and the acceleration phase within VA-File. First, the 64 dimensional SURF and 128 dimensional SIFT features are extracted from all the images. After that, we apply PCA and LSH as dimensionality reduction methods. These steps are taken, as the goal of this work is to provide a CBIR system which allows us to minimize the dimensionality of image features and accelerate the search phase without any loss of precision of the system. The VA-File method is used to accelerate the search step. Table 1 and Figure 4 show the search time of an image query and the computation time of these algorithms within the Wang database.



Within the ImageNet datasets, we obtained the results shown in Table 2 and the Figure 5.



As shown in Table 1 and Table 2, the combination between PCA and VA-FILE is faster than PCA, which is used here with a reduction of 70% as in [1]. LSH is not faster because it depends on the number of hashing functions. However, when we use the result of applying PCA with a reduction of 70%, we achieve some acceleration of the search phase. The combination of the three methods, PCA, LSH and VA-File, presents the best combination that allows us to speed up the search phase with a factor ranging from 30% to 40%. Furthermore, we are able to lower the required storage space as a result of the compression, with a reduction ranging from 60% to 70% of SURF and SIFT features.



As shown Figure 6, the application of both PCA and LSH are better than LSH alone. This is due to the fact that the application of LSH after PCA within a range of 70% does not degrade information, because the result of PCA is a matrix with less information.



The computation time, which is not high in the case of CBIR methods, is better still with the combination of PCA and VA-File because the use of either LSH or PCA/LSH/VA-File requires a lot of material resources because they require a lot of calculations. This is especially the case for LSH.





5. Conclusions


The main objective of this paper was to bring a CBIR system allowing us to minimize the dimensionality of image features and also to accelerate the search phase without any loss in precision. We showed and evaluated the experimental results acquire by using PCA and LSH for the dimensionality reduction of large scale images, and VA-File as an acceleration method for the search phase. Indeed, we analyzed the effect of the combination of different methods in order to find the best combination based on the results of the experiment. The experimental results show that we obtained a speed up of 30% to 40% of the search time, and a speed up of 60% to 70% of the memory storage space, because both PCA and LSH are dimensionality reduction methods. Moreover, the experimental results show that these kinds of algorithms need a high resource of materials. Finally, the results obtained within our approach guarantee positively the efficacy of our work.



As future works, we envisage to ameliorate our system by using the features obtained within the deep learning algorithms in order to validate our approach for both classical and deep learning features and also use the appropriate methods that fit with deep learning features.







Author Contributions


Conceptualization, M.A.B.; methodology, M.A.B.; formal analysis, M.A.B.; investigation, M.A.B.; writing—original draft preparation, M.A.B.; writing—review and editing, S.M. and S.A.M. and A.C.; visualization, M.A.B.; supervision, G.B. and S.M.; funding acquisition, S.M. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Wang: http://wang.ist.psu.edu/docs/related/ (accessed on 3 May 2022), ImageNet: http://www.image-net.org/ (accessed on 3 May 2022).




Acknowledgments


The authors would like to express their gratitude to academic editors and publishers the edit of this paper thanks to the waiver offer.




Conflicts of Interest


The authors declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to publish the results.




Abbreviations


The following abbreviations are used in this manuscript:



	CNN
	Convolutional neural network



	CBIR
	Content based image retrieval search engines



	RMAC
	Regional maximum activation of convolutions



	MS-RMAC
	Multi-scale regional maximum activation of convolutions



	PCA
	Principal component analysis



	SIFT
	Scale-invariant feature transform



	SURF
	Sped-up robust features



	LSH
	Locality sensitive hashing



	VLAD
	Vector of locally aggregated descriptors
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Figure 1. The general architecture of our proposed approach. 
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Figure 2. Geometric representation of VA-File. 
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Figure 3. The research phase with VA-File. 
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Figure 4. Computation and the research time within Wang database. 






Figure 4. Computation and the research time within Wang database.



[image: Bdcc 06 00054 g004]







[image: Bdcc 06 00054 g005 550] 





Figure 5. Computation and the search time within ImageNet database. 
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Figure 6. Recall/precision within ImageNet database. 






Figure 6. Recall/precision within ImageNet database.



[image: Bdcc 06 00054 g006]







[image: Table] 





Table 1. Computation (C.T) and the search time (S.T) within Wang database.
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	Methods
	S.T (ms)
	C.T (ms)





	PCA (70%) [1]
	168
	460



	PCA (70%) [1]/VA-FILE
	146
	460



	LSH
	164
	570



	PCA (70%) [1]/LSH
	159
	511



	PCA (70%) [1]/LSH/VA-FILE
	132
	511
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Table 2. Computation and the search time within ImageNet database.






Table 2. Computation and the search time within ImageNet database.





	Methods
	S.T (ms)
	C.T (ms)





	PCA (70%) [1]
	19,561
	56,700



	PCA (70%) [1]/VA-FILE
	19,010
	56,700



	LSH
	19,421
	59,812



	PCA (70%) [1]/LSH
	19,171
	59,004



	PCA (70%) [1]/LSH/VA-FILE
	12,423
	59,004
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