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Abstract 

In recent years, the fast development of multi-media content makes Content-

Based Image Retrieval (CBIR) a most challenging research issue. The content-

based attributes of the images are related to the position of substances and region 

within the image. The image represents a set of extracted Low-Level Features 

(LLF) such as shape, surface and shading, which are basics for existing retrieval 

frameworks. In order to find the relevant images from a query image, the existing 

frameworks find the Similarity Measures (SM) between features of the query 

images. Even though it is similar in the LLF space, the bottleneck of this 

methodology is that images are semantically and visually different. Therefore, 

developing tools for optimizing the retrieval of data is important. For enhancing 

the performance of image retrieval, integration of Vector Space Model (VSM) is 

one of the considerable solutions. In this paper, an efficient retrieval model, 

which includes a pseudo-relevance model with a vectorization method, is 

developed. The vectorization process is represented by a proposed VSM model 

that is obtained by using several models like top-ranking and random methods. 

To verify the performance of the VSM model, the extensive experiments are 

conducted on publicly available datasets. The method accomplished almost 98% 

accuracy in the recovery process when compared with existing methods. 

Keywords: Content-based image retrieval, Low-level features, Relevance model, 

Similarity metrics, Vector space models. 
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1.  Introduction 

The accumulation of digital images has reached extensive growth from various 

sources like medical, remote sensing, industrial, art collection, internet and so on 

because of rapid development in computerized storage devices, communication and 

advanced imaging technologies. The research concern of CBIR is that indexing 

those images and retrieving the required images from the huge datasets effectively.  

The frequently used features in CBIR are shading, surface and shape. The 

significance of CBIR is an act within a particular goal by expanding the aim for 

recovering images from abundantly wide-ranging Database over the Internet [1, 2]. 

The recovery of images includes the process of retrieving the images, which 

provides the client with a facility to manage the large datasets in a programmed, 

adaptable and effective way.  

Hence, the frameworks of image recovery are used for retrieving the images 

based on high-level images with semantics-based query images [3, 4]. The 

description of fundamental visual substances that is invariant and dynamic to many 

global transformations is given by efficient and effective visual features [5]. In 

multimedia innovation, nowadays content-based retrieval systems are extremely 

efficient research topic. According to a set of LLF, the images are restored with SM 

that are visually most similar to a sample image by using this framework.  

Moreover, CBIR is considered as similar to the nature of visual, fuzzy, and 

similarity-based retrieval systems. In addition, the image, graphics, video and text 

are visual so that the CBIR system is also considered as a visual system. However, 

still, CBIR is highly focused to overcome two major difficulties; those are semantic 

gap and intention gap [6].  

CBIR uses the method of “query by sample”, which recovers similar images 

from the input image by the representation of a query image given by the client. 

The input image is a collection of images in Corel Dataset, whereas the query 

images are given by the client to retrieve the related images. The CBIR system 

works with the help of query image Feature Extraction (FE), after that the CBIR 

system searches the extracted features for the retrieval process.  

The feature vector is determined by extracting features from the query image, 

then images, which have high similarity features of the inquiry image will be 

recovered [7, 8]. In CBIR, the process of indexing and retrieval of images according 

to the image contents known as features, which is extracted by using some existing 

algorithms such as Speeded-Up Robust Features (SURF), Binary Robust Invariant 

Scalable Keypoints (BRISK), Scale Invariant Feature Transform (SIFT), and others 

[9]. The formation of query images given by the client, which are currently depicted 

by its own features with the help of CBIR.  

In a content-based approach, the visual features like texture, colour and shape 

information are extracted automatically, which are used for indexing images. The 

similarities of images can be calculated with the help of distances between features 

[10]. The classification of CBIR techniques is described as two categories. In that, 

the visual features of query images are represented by global approaches, whereas 

the local approach represents the combination of multiple objects, regions or key 

points to describe the query images [11].  
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The CBIR algorithm can be described by SM and FE, whereas these features 

are extracted, then vectors are stored, and these saved features vectors are matched 

by use of some SM with the query photograph of function vectors [12]. Various 

researches are done for validating the performance of CBIR system to improve its 

effectiveness. Hence, the drawback of CBIR can be solved by the proposed model 

to provide better performance than the existing techniques. 

In this present work, the performance of CBIR system is significantly improved 

by incorporating the information retrieval techniques such as VSM. From the 

inaccurate representation of the content, the images are transformed into a more 

accurate representation with scores by using VSM. In various conditions, the VSM 

models are able to adapt in this context by using the proposed image retrieval 

system is known as vectorization technique.  

The main aim of this work is to develop an effective framework, which uses 

both local and global features for retrieving the images. The vectorial matching 

model is transformed from the matching model of adaptation of VSM image 

retrieval model.  

The organization of the paper is composed as follows: In Section 2, some of the 

existing methods related to different stages of the CBIR system are presented. The 

basic framework of CBIR and the proposed vectorization of this approach is 

described in Sections 3 and 4. This paper presents the experimental results in 

Section 5 and finally, a conclusion is made in Section 6 with future work.  

2.  Literature Review 

In this section, a brief explanation of the existing approaches with CBIR techniques 

used in image retrieval is presented. Dai et al. [13] presented a Remote Sensing (RS) 

image retrieval system, which consists of an image depiction technique and supervised 

retrieval technique. The spatial and spectural data substance of RS was represented by 

depiction technique, whereas the sparsity of RS image descriptors was effectively 

increased by supervised retrieval technique.  

This method used three image descriptors such as a basic bag of spectural qualities, 

raw pixel values and an extended bag of spectral qualities for representing the images. 

The issues of both single- and multi-label samples of RS images was solved by 

considering the label probability of sparse re-creation based classifiers. The outcomes 

from the experimental results demonstrated the adequacy of the RS framework on two 

benchmark dataset. This method cannot use unlabeled samples in the RS retrieval 

system and moreover, the system requires high retrieval time while using a large-scale 

operational RS CBIR system. 

Xia et al. [14] presented a secure technique that supported CBIR scrambled 

images without leaking any sensitive information to the cloud server. To increase 

the search efficiency, the method first removed the feature vectors, after that 

constructed the pre-filter tables with the help of locality-sensitive hashing 

technique for representing the related images. The method identified the approved 

query client’s illegal activities by developing Watermark-based Convention (WC).  

Before sending images to the query client, the WC method specifically insert a 

unique watermark into the encrypted images. The efficiency and security of this 

scheme were demonstrated by the experimental analysis on publically available 
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datasets. However, still, there are some limitations present in this study, namely the 

watermarking method are not considered as a robust one, then there are only limited 

number of watermarks are presented because of using a small parameter. 

Phadikar et al. [15] presented a hybrid approach in Image Quality Assessment 

(IQA) model such as Feature-Similarity Index Measure (FSIM) and Mean-

Structural Similarity-Index Measure (MSSIM) for finding the relative advantage 

of query images. The FSIM model was used to extract the colour information 

from the images.  

To find the similarity indexing between two query images, these methods used 

four combined features such as contrast, structure, colour and luminance. When 

compared with the related scheme, the IQA method outperformed well, which 

were stated by the experimental results. The similarity calculation was done only 

on image-based query by these techniques, so the IQA method does not consider 

the optimum selection of weight factors for improving retrieval performance.  

Chou et al. [16] a square-based transformation algorithm was proposed to 

accomplish the security of image content. The method performed the image 

convolution and image retrieval under the image content security system. These 

methods contained a certain degree of security in both statistical and 

computational aspects.  

Moreover, the experimental results stated that these methods were more 

secure as well as provided better execution time for retrieving the query images. 

The method needs to apply image compression for less capacity limit during the 

image transform process. At that time of compression, the images suffered from 

some information loss, which also included in decrypted results. 

Islam et al. [17] proposed a fuzzy-rough based feature selection approach for 

selecting a prominent feature in a particular query. In addition, the fuzzy 

approach developed a CBIR system with two face image databases by using 

MPEG-7 image descriptor. The feature selection method had an information 

table, which was small.  

The experimental result showed that the fuzzy-based approach performed 

well when compared with several other methods such as clustering-based 

retrieval techniques and single dimensionality reduction method. The 

performance of the fuzzy-based CBIR system delivered poor performance 

because the method does not combine multiple MPEG-7 descriptors from image 

block or sub-images to facilitate the retrieval task. 

To overcome the above issues, this paper presents a VSM model for 

representing textual information retrieval. The main aim of this paper is to present 

the vectorization technique in retrieval model. In-text retrieval domain, the 

proposed method transformed the VSM model from the classical matching model. 

3.  CBIR System Framework 

Figure 1 represents the basic architecture of the CBIR framework, which 

represents the various components of the research system. The components 

include FE and retrieving process with pseudo-Relevance Feedback (RF), which 

are explained in upcoming sections.  
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Fig. 1. Architecture of proposed CBIR system. 

3.1.  Process of extracting feature 

The global features are extracted from an image, which is responsible for FE and 

extracted features are stored in the index datasets. The feature vector represents 

every image in the dataset, which is performed by the off-line process, whereas the 

online process is done on query images. The VSM describes the whole images; 

hence, the proposed vectorization method used global descriptors [18] for the FE 

process. When compared with local features, the global features are very simple 

and extraction cost is also very low. In addition, the various global features such as 

Edge Histogram (EHD), Color and Edge Directivity Descriptor (CEDD), Layout 

Color (CLD) and Scalable Color Descriptor (SCD) [19-22] are extracted from the 

query images.  

To make the CBIR model more suitable for large scale dataset, the proposed 

vectorization method merges the four global feature descriptors by two fusion 

methods. The single large vector is formed by using different features, which are 

extracted from images. Before indexing, the different features spaces are fused, 

which is known as early fusion. The proposed method used the Min-Max method 

for normalizing the feature vectors, which are expressed on the same scale.  

The process of combination of many results lists make complications, which 

can be addressed with the help of the late fusion method. In this paper, according 

to rank and frequency, the proposed method describes two different methods for 

late fusion. Figure 2 describes the process of feature extraction of global features 

with the late fusion process. Table 1 describes the global features, which are used 

to extract the information from query images.  
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Fig. 2. Feature extraction process. 

Table 1. Feature descriptions. 

Global features Description of global features 

Edge Histogram (EHD) The global and semi-local EHD features are directly 

generated from the local histograms to calculate the 

similarity measures 

Colour and Edge 

Directivity Descriptor 

(CEDD) 

This CEDD feature is used to extract visual information 

from the images. The visual information includes low-

level visual and segment descriptors 

Layout Colour (CLD) The CLD is used to extract the information from audio-

images at different granularity levels such as region, 

image, video segment and collection 

Scalable Colour Descriptor 

(SCD) 

The spatial distribution of colours are specified with a 

few non-linear coefficients of grid-based average 

colours are extracted by using SCD global features 

3.2.  Retrieval process 

Consider the set 𝑛 of images, where each images are linked to its LLF 

(𝐹𝑖,1, 𝐹𝑖,2. . . 𝐹𝑖,𝑓 . . . 𝐹𝑖,𝑍𝑝
), 𝐹𝑖,𝑓 , 𝐹𝑖,𝑞 is the value of feature in the image 𝐿𝑖 and 𝐿𝑗using 

descriptor 𝑝. To compare images 𝐿𝑖  𝑎𝑛𝑑 𝐿𝑗 , the method use the Euclidean distance 

that is described in Eq. (1): 

𝐸𝑢𝑐 − 𝑑𝑖𝑠(𝐿𝑖 , 𝐿𝑗) = √∑ (𝐹𝑖,𝑙 − 𝐹𝑗,𝑙)
2𝑞𝑝

𝑙=1                (1) 

where, 𝐿𝑖 , 𝐿𝑗 are the linked set of images, 𝑞𝑝 is the query image descriptor, 𝐹𝑖 , 𝐹𝑗 

are the features of images.  

The proposed method applied the vectorization technique for transforming the 

vector model from the matching model of images depends on Euclidean distance. 

Hence, VSM is converted from the feature space according to feature scores. The 

proposed method experimented on different methods for constructing the vector 

space models such as vectorization using simple methods, best rank and LSTM, 

which are described in the following sections.  

The intermediate matrix also known as a weight matrix or reference matrix is 

implemented with the help of the proposed method for applying the vectorization. 

There are two methods can be done offline such as vectorization using LSTM and 

simple methods, which is described below.  
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3.3.  Pseudo-relevance feedback 

The effectiveness of information retrieval systems can be improved by developing 

the Pseudo-RF whereas the main idea behind that is to use positive examples for 

retrieving the images. The system first retrieved ranked images based on predefined 

similarity metrics for a given query, that is defined as the distance between feature 

vectors of images. The positive examples subsequently refine the query, which is 

selected from the top-ranking images by the system for making a new list of images. 

The Rocchio formula describes the vector model in the original pseudo-RF, which 

are used for document retrieval. The formula is represented in Eq. (2). 

𝑞′ = 𝛼𝑞 + 𝛽 (
1

𝑖𝑛
∑ 𝐿𝑖𝑖∈𝑖𝑟

)                  (2) 

where, the constants are 𝛼, 𝛽 and number of images in 𝑖𝑟  is 𝑖𝑛. That is, the optimal 

new query 𝑞′ is moved toward positive examples for a set of relevant images 𝑖𝑟  and 

given initial query 𝑞.  

4.  Vectorization Process 

Several retrieval methods of CBIR are tested by the proposed CBIR system, which 

depends on the visual features of the images. The vectorization approach is 

described in the following section. 

4.1.  Vectorization principle 

The number of images 𝐼 is known as reference-images, which are implemented by 

using vectorization principle. The similarity of these reference images obtained 

with the query images can be calculated by this principle for each image in a 

database. Every image can be defined by the vector form as 𝐼 values for collected 

images. The process can be done in two ways, either as online or offline but it is 

very expensive. The vector dimension of image 𝑖 represents the images and queries.  

The retrieval is done indirectly for the given query with relevant images by 

using reference-images. Even though the 𝐼 does not contain the same features, it 

can be considered as relevant to a query. Hence, this technique is necessary that 

𝐷 ≤  𝑖 <  𝑠, where 𝐷 is image features dimension and 𝑠 is the size of the database.  

The formation of features 𝑀𝐹 matrix from all the images in the database, whose 

size 𝑠 ∗ 𝐷 of features is described as in Eq. (3). 

𝑀𝐹 = (

𝐹(𝑖1,1) 𝐹(𝑖1,2) 𝐹(𝑖1,𝐷)

…
𝐹(𝑖𝑠,1) 𝐹(𝑖𝑠,2) 𝐹(𝑖𝑠,𝐷)

)                 (3) 

The reference matrix 𝐼 can be represented as 𝑖𝑟1
, 𝑖𝑟2

… 𝑖𝑟𝑛
, while these matrix 𝐼 

can be combined with the above Eq. (3), the reference matrix can be formed as 

𝐹(𝑖𝑟,1), … . 𝐹(𝑖𝑟,𝐷) . For 𝑖  value of the reference image, matrix can be formed as 

𝐹(𝑖𝑟1 ,1), … , 𝐹
(𝑖𝑟𝑖

,𝑍)
 for feature image dimension. To apply the vectorization process, 

the similarity of the image 𝐿𝑖  in database and reference images 𝑖𝑟  should be 

calculated with the help of 𝑆𝑀(𝐿𝑖 ,  𝑖𝑟𝑗
). This method obtain a new 𝑠 ∗  𝑖 similarity 

matrix is described in Eq. (4). 
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𝑆𝑖𝑚(𝑀𝐹 , 𝐼) = (

𝑆𝑀(𝐿1, 𝑖𝑟1
) 𝑆𝑀(𝐿1, 𝑖𝑟2

) 𝑆𝑀(𝐿1, 𝑖𝑟𝑖
)

𝑆𝑀(𝐿𝑖 , 𝑖𝑟1
) 𝑆𝑀(𝐿𝑖 , 𝑖𝑟2

) 𝑆𝑀(𝐿𝑖 , 𝑖𝑟𝑖
)

𝑆𝑀(𝐿𝑠, 𝑖𝑟1
) 𝑆𝑀(𝐿𝑠, 𝑖𝑟2

) 𝑆𝑀(𝑖𝑠, 𝑖𝑟𝑖
)

)              (4) 

Then, the method calculates the similarity 𝑆𝑀(𝑄,  𝑖𝑟𝑗
) between the query 𝑞 and 

the reference-images 𝑖𝑟𝑗
 from the Eq. (5) 

𝑆𝑖𝑚(𝑞, 𝐼) = (𝑆𝑀(𝑞, 𝑖𝑟1
), 𝑆𝑀(𝑞, 𝑖𝑟2

) … . 𝑆𝑀(𝑞, 𝑖𝑟𝑖
))               (5) 

4.2.  Reference-images choice 

The reference-images are constructed from the collection of a large database. Many 

alternatives are available to form the reference-images. This method introduces 

three methods to select the reference images such as randomly, the similar group 

images centres and top-ranking images. 

4.2.1. Offline performance 

The performance of offline retrieval can be done by a random selection method. 

Without any selection method, the reference images are chosen randomly, hence, 

every image in the dataset get a chance as a reference-image. However, this method 

neglect only one rule, i.e., (𝐷 ≤  𝑖 <  𝑠). 

4.2.2. Online performance 

The first 𝑖 images from the dataset is chosen as reference-images and then these 

images are applied into a pseudo-RF method for improving the scores results. If 

these results retrieves 200 images, then tthe op of the ranking can be fixed as 𝑖 =
20 by the proposed method and then vectorization process is applied for better 

results. However, this method leads to poor performance on a large-scale dataset, 

which can be tolerated with the help of clustering techniques. By using suitable 

clustering techniques, the method can retrieve the most relevant images for the 

query, which is given by the users. 

4.2.3. Vectorization using long short-term memory neural network (LSTM-NN) 

The mapping performance can be improved by LSTM-NN technique, which uses 

learning features rather than physical determination features. To regularize each 

layer, the raw element space can be mapped into another space information in 

LSTM-NN, where new features are created, input features are reproduced and these 

features are connected with the model in the top layer.  

To avoid the problem of overfitting, the information enhances the basics of the 

produced features, whereas the importance of learning features in big data is more 

critical. The fundamental variations in input can be studied by a non-linear 

transformation with the help of stacked autoencoder strategy in LSTM-NN, which 

is made up of input layer, recurrent hidden layer and output layer.  

The data stream in the memory block can be controlled by the cells with the 

temporal state, a couple of versatile and multiplicative gathering units. RNN plays 

an important role for a similar task for each component of succession with relied 

past calculations.  
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The cell state in the memory cell can be described by activation of the self-

associated direct unit-consistent Error Carousel (CEC). According to the presence 

of CEC, the system error constant can be figured out using multiplicative gate-

ways. To prevent the inner cell values while preparing non-stop time arrangements, 

one more gate (i.e., Forget Gate (FG)) was added with memory block to develop 

bound. Once the data stream is outdated, the memory block was set to restart and 

CEC weight was replaced with the multiplicative FG-way activation. The basic 

architecture of LSTM is described in Fig. 3. Table 2 describes the LSTM inputs, 

which is used for retrieving the images.  

 

Fig. 3. LSTM neural network architecture. 

Table 2. Detail description of layer setup. 

Layer number Layer Number of neurons 

1 Input dense layer 32 

2 Convolution layer 1 32 

3 Hidden layer 1 32 

4 Hidden layer 2 64 

5 Hidden layer 3 128 

6 Convolution layer 2 64 

7 Dense layer 32 

8 Output layer 32 

The model input is denoted as 𝑥 =  (𝑥1, 𝑥2. . .  𝑥𝑇), and the output sequence is 

denoted as 𝑦 =  (𝑦1, 𝑦2 , . . . ,  𝑦𝑇) , where 𝑇  is the prediction period. Here, the 

parameters are not fixed as static due to the changing behaviour of input. The goal 

of LSTM-NN is to anticipate the optimal value in the next step depends on earlier 

data without indicating how many steps have to be followed back. To design this 

objective, the travel time will be iteratively computed by using Eqs. (6) to (12): 

𝑖𝑡 = Θ(𝑊𝑖𝑥𝑥𝑡 + 𝑊ℑ𝑚𝑡−1 + 𝑊𝑖𝑐𝐶𝑡−1 + 𝑏𝑖)                (6) 

𝑓𝑡 = Θ(𝑊𝑓𝑥𝑋𝑡 + 𝑊𝑓𝑚𝑚𝑡−1 + 𝑊𝑓𝑐𝐶𝑡−1 + 𝑏𝑓)               (7) 
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𝐶𝑡 = 𝑓𝑡Φ𝐶𝑡−1 + 𝑖𝑡Φ𝑔(𝑊𝑐𝑥𝑋𝑡 + 𝑊𝑐𝑚𝑚𝑡−1 + 𝑏𝑐)               (8) 

𝑂𝑡 = Θ(𝑊𝑎𝑥𝑋𝑡 + 𝑊𝑜𝑚𝑚𝑡−1 + 𝑊𝑜𝑐𝐶𝑡 + 𝑏𝑜)                (9) 

𝑚𝑡 = 𝑂𝑡Φℎ(𝐶𝑡)                 (10) 

𝑦𝑡 = 𝑊𝑦𝑚𝑚𝑡 + 𝑏𝑦                 (11)  

where 𝛷 represents the vector scalar product and 𝛩 (.) denotes the sigmoid function 

of standard logistics defined in Eq. (12) 

Θ(𝑋) =
1

1−𝑒𝑥                 (12) 

The outputs of three gates such as input, output and FG are respectively 

described as it, 𝑖𝑡 , 𝑂𝑡 , 𝑓𝑡. The 𝑐𝑡,𝑚𝑡
 denotes the activation vectors for each memory 

block and cell, whereas 𝑊 and 𝑏 are the weight matrices and bias vectors used for 

building the connections between the two layers namely input and output layer and 

memory block. 𝐻 (. ) is a sigmoid function of centered logistic with range [-3, 3], 

which is represented in Eq. (13) and (14). 

𝐻(𝑋) =
4

1−𝑒𝑥 − 3                (13) 

 C (.) is a sigmoid function of centered logistic with range [2,-2] 

𝐶(𝑋) =
2

1−𝑒𝑥 − 2                 (14) 

The gradient descent enhancement strategy was used by training LSTM-NN 

according to the adjusted version of Real-Time Recurrent Learning (RTRL) and 

truncated Back Propagation Through Time (BPTT). The main aim of this work is 

to limit the aggregation of square errors. Before entering into memory cell's linear 

CEC, the truncated errors reaches the memory cell output. The LSTM-NN has the 

capacity of preparing self-assertive time slacks for time arrangement with long 

dependency. The input of LSTM-NN is the global features, which are selected by 

using the extraction method. Hence, for optimizing the Learning rate, the adaptive 

moment optimization is used and a detailed description is given as follows.  

4.2.4. Adaptive moment optimization 

Gradient descent algorithm is one of the most imperative calculations to upgrade 

the neural systems. In this exploration, the method utilizes Adam to perform an 

enhancement. Adam can figure adaptive learning rates for each weight of the 

neural-organize. This technique has a consistent feature such as straight-forward to 

implement, computationally productive, fewer memory requirements, invariant to 

a diagonal rescaling of the gradients, and it is well reasonable for issues that are 

extended as far as information and parameters. The main idea of Adam is that it 

estimates the first and second snapshot of slopes to do the update. First, the method 

updates biased first-moment approximation and it also updates the one-sided 

second raw minute gauge.  

Next, the proposed method figures out the bias-corrected first-minute gauge. At 

that point, this method process bias-corrected second raw minute gauge. Finally, it 

updates the parameters. After the optimization of the network is done with the 

training data that is initiated to start the testing session. The test data have been fed 

to the LSTM-NN based AMO to predict the values in batch-wise session. As the 
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batches increase the loss of accuracy reduce due to AMO at a testing session, and 

the predicted values will also feedback as training data to LSTM-NN so as to 

improve the accuracy of successive predictions. Finally, the overall evaluation of 

the LSTM-NN with AMO in terms of its efficiency and robustness is achieved. 

5.  Experimental Result 

The proposed vectorization work was implemented in the platform of Matlab. 

Several parameters in terms of F-Measure, recall, precision and accuracy are used 

for calculating the performance of the proposed method. The experiments were 

carried out on the Corel-10K databases as natural image databases for validating 

the effectiveness of proposed VSM model. The size of the Corel dataset is either 

256 heights and 384 widths or vice versa of each sample image. The datasets 

contain nearly 10,908 images that contain semantic classes are classified as food, 

flowers, horse, mountains, buildings, Africa, beach, elephants, dinosaurs and buses. 

The sample images for the dataset is given in Fig. 4. 

 

Fig. 4. Sample images for Corel-100K dataset. 

5.1.  Evaluation metrics 

The evaluation metrics such as Accuracy, F-measure, recall and precision are used 

to evaluate the effectiveness of retrieval work with Vectorization using LSTM for 

justifying practical and theoretical developments of these systems. 

Accuracy [23]: The ratio of the fraction of overall positive and negative 

quantity of images to the quantity of overall data is defined by metrics such as 

accuracy. The equation for accuracy is described in Eq. (15), 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑁+𝑇𝑃

(𝑇𝑁+𝑇𝑃+𝐹𝑁+𝐹𝑃)
               (15) 

where TN is True Negative of images, TP is True Positive of all images, FN is False 

Negative, whereas FP is False Positive of query images. 

F-Measure [23]: The single presentation of the experiment is computed by 

employing the F-measure, which is a harmonic representation of accuracy defined 

in Eq. (16), 

𝐹 − 𝑀𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ∗ (
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
)              (16) 
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Precision [24]: The calculation of TP of query images to the quantity of both 

false and positive assessment is defined by positive predictive value also known as 

precision. The mathematical equation for this metric is represented in Eq. (17). 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
                (17) 

Recall [24]: The sensitivity calculates the ratio of positives that are correctly 

recognized by samples. The mathematical equation of sensitivity is described in 

Eq. (18). 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑁

(𝑇𝑁+𝐹𝑃)
                (18) 

Table 3 represents the outcome of the proposed method in terms of accuracy, 

precision, recall and F-measure for images like Africa, buses, food, flowers, beach, 

and so on. The graphical representation is given in Figs. 5 and 6. 

Table 3. Performance of proposed method. 

Images Precision Recall F-Measure Accuracy 

Africa 96.85 94.21 97.34 96.47 

Buses 97.64 95.61 96.0 97.32 

Beach 98.12 96.24 97.50 98.17 

Dinosaurs 97.2 95.12 96.34 97.56 

Buildings 81.23 81.75 80.34 89.24 

Elephants 83.41 84.3 86.12 86.32 

Mountains 85.74 85.49 84.10 87.12 

Flowers 97.46 72.6 81.23 90.84 

Food 88.4 67.4 75.26 91.34 

 

 

Fig. 5. Performance of proposed method for precision and recall. 
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Fig. 6. Performance of proposed method for accuracy and F-measure. 

From Fig. 5, the experimental results showed that the proposed method 

achieved better results in accuracy and F-measure. For Africa data, the method 

achieved 96.47% accuracy and 97.34% F-measure, nearly 97% in both metrics 

for Dinosaurs data, whereas it achieved very low accuracy and F-measure for 

food data.  

The sample query images from Corel-10K dataset is retrieved by using the 

Vectorization model is given in Fig. 7. Sample A represents a query image given 

by the user and the sample B describes the retrieved images using the proposed 

VSM method.  

 

Fig. 7. Sample images: (a) Query image, (b) Retrieved images. 



Vectorization using Long Short-Term Memory Neural Network for . . . . 3509 

 
 
Journal of Engineering Science and Technology      December 2019, Vol. 14(6) 

 

5.2.  Comparative Analysis 

In this section, the experimental results are compared with existing methods such 

as hybrid technique (Artificial Bee Colony-Artificial Neural Network (ABC-

ANN)) and Integrated Region Matching (IRM) technique. Table 4 represents the 

comparative analysis of the proposed method with existing methods. Mane and 

Bawane [25] proposed two steps-ABC with ANN for image retrieval to enhance 

the gain on long-term RF. A median filter and grayscale transformation were used 

for pre-processing the images to remove the noise and resizing. With the help of 

the k-means algorithm, the extracted features were clustered and also trained using 

ANN. The ABC-ANN method used to update the weights assigned to features by 

accumulating the knowledge obtained from the user over iterations. The 

experiments were carried out on Corel, Coil and Caltech 101 Datasets to verify the 

performance of ABC-ANN method.  

Raghuwanshi and Tyagi [26] proposed a region-based weight assignment 

method for retrieving the images. IRM approach discarding the redundant features 

by optimizing the curvelet features in space and time sub-bands. Assigning the 

dynamic weights to the regions reduced the semantic gap that contained more 

information about the retrieval manner. The textures for the curve were analyzed 

by extracting the features of texture by using discrete Curvelet transform. Corel and 

CIFAR datasets were used to validate the performance of IRM technique. From the 

above table, the experimental results stated that the vectorization based LSTM-NN 

provides better accuracy in the image retrieval process. Compared to ABC-ANN, 

the proposed method achieved better results in terms of all metrics such as 

accuracy, precision, and recall. The IRM method achieved 87.54% recall in 

COREL and CIFAR databases. The execution time of the proposed method is 

nearly 10 milliseconds to process the single query image.  

Table 4. Comparison analysis of proposed method with existing techniques. 

Authors Techniques Accuracy Precision Recall 

Mane and Bawane [25] ABC-ANN 91 89 94 

Raghuwanshi and Tyagi [26] IRM - 91.4 87.54 

Proposed method Vectorization 

based LSTM-NN 

98.17 98.12 96.24 

6.  Conclusion  

In this paper, the images are retrieved from a huge database by using a vectorization 

technique with pseudo-RF is implemented. The vectorization model is 

implemented with the help of global features and vector of scores, which allows 

developing a new feature vector space model. The idea of developing the vector 

space model is derived from the retrieval of texts. The three models such as Top-

Ranking, Random and LSTM-NN is proposed from the reference images for 

achieving better image retrieval accuracy. The experimental results stated that the 

proposed method achieved good accurate results on retrieving the query images 

when compared with the existing methods on a publicly available dataset. 

Specifically, when the initial results are used to re-uniform its training by using the 

system with pseudo-RF where the user is not directly involved in training. The 

vectorization application focuses on high-level features and also improves the 

reference-images in top-ranking for large collections of images for retrieval process 

as future work. 
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Nomenclatures 
 

b Bias vector 

C(.) Centered logistic sigmoid function with range [-1,1] 

Ct Cellblock 

D Dimension of image features 

Euc-dis Euclidean Distance 

Fi Feature value 

ft Forget gate of LSTM 

H(.) Centered logistic sigmoid function with range [-2,2] 

I Reference images 

i Vector dimensions of image 

in Image number 

ir Relevant images 

it Input gate of LSTM 

Li Low-level features of images 

MF Matrix of features 

mt Memory block 

Ot Output gate of LSTM 

q Query image 

q' Optimal new query 

qp Number of features 

SM() Similarity Measure 

s Database size 

T Prediction period 

W Weight matrices 
x Input of LSTM 
y Output of LSTM 
 

Greek Symbols 

 Constant 

 Constant 

𝛩() Standard logistics of sigmoid function 

𝛷() Scalar product of two vector 
 

Abbreviations 

ABC Artificial Bee Colony 

AMO Adaptive Moment Optimization 

ANN Artificial Neural Network 

BPTT Back Propagation Through Time 

BRISK Binary Robust Invariant Scalable Keypoints 

CBIR Content-Based Image Retrieval 

CEC Consistent Error Carousel 

CEDD Colour and Edge Directivity Descriptor 

CLD Colour Layout Descriptor 

EHD Edge Histogram Descriptor 

FE Feature Extraction 

FG Forget Gate 

FN False Negative 
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FP False Positive 

FSIM Feature-Similarity Index Measure 

IQA Image Quality Assessment 

IRM Integrated Region Matching 

LLF Low-Level Features 

LSTM Long Short-term Memory 

MSSIM Mean-Structural Similarity-Index Measure 

NN Neural Network 

RF Relevance Feedback 

RS Remote Sensing 

RTRL Real-Time Recurrent Learning 

SCD Scalable Colour Descriptor 

SIFT Scale Invariant Feature Transform 

SM Similarity Measure 

SURF Speeded-Up Robust Features 

TN True Negative 

TP True Positive 

VSM Vector Space Model 

WC Watermark-based Convention 
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