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Abstract—Content-Based Image Retrieval (CBIR) technique 

attempts to retrieve relevant query images from the extensive 

repositories of images. With the advancements of the internet 

and multimedia technology, images have increased at a 

significant rate. Retrieving similar pictures from a vast 

database has always been an arduous task where CBIR 

techniques are helpful. However, similar images retrieval 

efficiency improvement is a common problem with the 

available CBIR techniques due to inadequate feature sets. 

This paper proposes a novel CBIR technique using a Deep 

Convolutional Neural Network (DCNN)-based 

AutoEmbedder. With this novel approach, this study attempt 

to map the higher dimensional features into relevant 

clusterable embeddings with k-means clustering to cluster 

the relevant images. The architecture is evaluated using the 

Corel10K and CIFAR-10 datasets, and the average precision 

and recall value is used to evaluate the architecture’s 

performance. The proposed model’s significance is that it 

outperforms the existing CBIR techniques presented in 

experimental results. 
 

Index Terms—Content-Based Image Retrieval (CBIR), Deep 

Convolutional Neural Network (DCNN), AutoEmbedder, K-

means clustering 
 

I. INTRODUCTION 

One of the exoteric media formats to understand and 

interact with the human community is images. Image 

datasets have regarded histrionic deployment since the 

advancements of digital cameras and digital platforms. 

Processing image data has become an open field of interest 

successfully in image research due to the swift 

improvement of the internet and multimedia terminals. In 

addition, the complexity and diversity of images have 

increased the difficulty for users and automated systems to 

retrieve expected pictures from vast image libraries. 

Therefore, an accurate and efficient image retrieval system 

is required to extract such obligate knowledge from 

extensive multimedia storage. 

Usually, people use three ways to retrieve images: text, 

content, and semantic-based [1], [2]. Image retrieval using 

text is the traditional text-based approach that describes 

each image using a text notation, and the relevant image is 

retrieved by searching with the keyword [3]. These 

keywords are annotated on images to carry out the text-

based search for the expected photos. Nevertheless, this 

approach requires manual labeling and annotation, which 

becomes complicated and ambiguous for a database of 

gigantic size. Consequently, text-based approach is 

replaced by (CBIR) [4]. A CBIR algorithm intends to 

measure the association between images by incorporating 

low-level characteristics or features. These features 

characterize each image’s content and retrieve images 

related to the search query image [5]. The CBIR approach 

extracts characteristics from the query image and then 

searches for these extracted features in the entire database 

of the stored images. A feature vector represents every 

image in the database via CBIR. The feature vector for the 

query image is also computed after receiving the query 

mage. Finally, the CBIR technique compares it with the 

stored feature vectors then return a similar vector to the 

query image. CBIR has been an important research topic 

in digital media since the 1990s [6]. Fig. 1 depicts a typical 

CBIR system. 

 

Figure 1. Typical content-based image retrieval system. 

Recently, several Semantic-Based Image Retrieval 

(SBIR) architectures have been suggested [1]. Traditional 

CBIR approaches [7], [8] performed well dealing with 

uncomplicated image data. The performance starts to 

degrade whenever images vary from basic scenery to more 

semantically complicated images, such as images of 

animals or different objects (with natural background) [9]. 

The reason for accuracy reduction solely depends on the 

feature extraction techniques employed in traditional 

CBIR methods. The canny edge method, grey level co-

occurrence matrix, discrete wavelet transform, and canny 

edge histogram are less accurate in extracting higher-

dimensional features from a complex set of images [10]. 

The similarity computing algorithm, such as the 

metaheuristic algorithm used in the CBIR technique not 

being advanced, can be another reason. A dynamic and 

intelligent image retrieval approach needs to be introduced 

to boost the accuracy of a CBIR technique on an extensive 
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database. With the advancements of machine learning, 

Deep Neural Networks (DNNs) are solving many real-life 

problems. The Deep Convolutional Neural Network 

(DCNN) makes it easier to extract features from images. 

Shiv Ram Dubey [11] presented how deep learning-based 

techniques improve image retrieval on content-based in 

the last decades of 2011 to 2020. An extensive survey 

featured different state-of-art methods, including networks, 

supervision, descriptor (binary, real-value) type, and 

retrieval (cross-modal, semantic, etc.) type. The author 

showed the best performance of Autoencoder, generative 

adversarial, reinforcement learning networks and 

discovered accuracy enhancement of image retrieval by 

using the objective function, feature learning, and 

quantization techniques. In this paper, a Deep CNN 

(DCNN)-based AutoEmbedder is used to sieve the 

features from photos. A semi-supervised model called 

AutoEmbedder is a Deep Neural Network (DNN) 

embedding model that downsamples high dimensional 

data to clusterable embedding points [12]. Furthermore, 

the features are sieved for a query image, and relevant 

cluster assignment is performed utilizing the k-means 

clustering algorithm [13]. 

The paper presents a novel CBIR technique based on the 

recently developed AutoEmbedder [12], which 

downsamples the higher-dimensional images to 

clusterable embedding points for clustering. We also 

present the improved version of the Deep-CBIR technique 

based on the AutoEmbedder. 

The major contributions of this paper are presented as 

follows: 

• We propose a novel DCNN-based approach to 

implement the content-based image retrieval 

system. Specifically, we implement the 

AutoEmbedder strategy to generate clusterable 

embedding of images. 

• We implement the k-means clustering algorithm to 

find relevant matches of the feature vectors. A 

comparison between different CBIR approaches is 

described. 

• We validate the proposed CBIR system with 

multiple data sets; compare the results with other 

traditional CBIR systems and found that the 

proposed CBIR system outperformed other existing 

state-of-the-art CBIR techniques. 

The remainder of the study is structured as follows: The 

past and present research study regarding CBIR is 

presented in Section II. Here we have presented the 

relevant research of this domain. The proposed deep CBIR 

technique is exhibited and illustrated in Section III. This 

section mathematically and theoretically explained the 

proposed technique. However, the next Section IV 

presents the evaluation of the proposed technique on the 

Corel-10K and CIFAR-10 datasets. Lastly, Section V 

concludes the article. 

II. RELATED WORK 

Current advancements in Deep Learning (DL) have 

obtained magnificent innovations in several domains, 

particularly in computer vision, where artificial 

intelligence has advanced beyond human capability. 

Lately, a transformation has been perceived in 

characteristic design from hand to learning-based 

engineering following the appearance of modern DL [14], 

[15]. In the last few years, researchers have proposed 

numerous deep learning-based supervised, unsupervised, 

semi-supervised CBIR systems. 

Amid the beginning efforts, Krizhevsky et al. [16] have 

applied a deep Autoencoder to outline the pictures to short 

binary codes for CBIR. Kang et al. [17] introduced a deep 

multi-view hashing to produce the code for CBIR. Wu et 

al. [18] acknowledged the reoccurring pre-trained stacked 

denoising Autoencoders. Wang et al. [19] suggested a 

deep ranking architecture that receives the correlation 

metric instantly from images. Further, Zhang et al. [20] 

trained a DCNN model to optimize CBIR’s discriminative 

image features and hash functions. Then, a supervised 

Deep Hashing Network (DHN) is introduced by Zhu et al. 

[21] to determine essential feature representation by 

establishing the quantization error, and Cao et al. [22] 

offered a Deep Quantization Network (DQN), which is 

significantly related to the DHN architecture. 

After DQN, Cao et al. [23] introduced HashNet deep 

architecture to produce the hash code by a preservation 

scheme. Su et al. [24] applied the greedy hash by 

transferring the gradient for the hash coding layer in a 

CBIR system. Fu et al. [25] proposed CNN and Support 

Vector Machine (SVM)-based CBIR systems. The authors 

applied CNN to generate in-depth features from the images 

and employed SVM to train a hyperplane to find similar 

images. Ng et al. [26] extracted convolutional features 

from diverse convolutional neural network layers and 

received Vector of Locally Aggregated Descriptors 

(VLAD) encoding for representing features with vectors. 

The authors revealed that higher layers with upper scales 

give better performance on image retrieval tasks. Wan et 

al. [27] proposed a deep learning architecture for CBIR. 

The authors found that the neural network can imitate the 

brain of humans. The main advantage of deep learning is 

that it can extract hierarchical features for many semantic 

abstractions and efficiently improve CBIR’s accuracy. 

However, most of these CBIR deep learning architectures 

were based on hash coding. Apart from the hash coding 

technique, several techniques have been recommended 

based on the texture and color combination extraction such 

as local and global color and texture feature extraction. 

Das et al. [28] proposed an extraction method using 

image binarization to improve the retrieval of images. The 

authors tested the system with two public datasets 

containing 3688 images. The number of features was 12 

dimensional, and recall and precision were utilized to 

evaluate the technique. Hiremath et al. [29] introduced an 

image retrieval method by combining local color, texture, 

and global shape features. The color and shape are used as 

the local descriptors, and shape information is used as 

global descriptors. The model represents a way for 

determining salient points based on color saliency that 

provides a feature for image retrieval. Ashraf et al. [30] 
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introduced an image representation and feature extraction 

method using a Bandelet Transform (BT) to retrieve 

images from a massive dataset. The authors utilized 

artificial neural networks for the retrieval of photos. The 

authors used three public datasets (Coil, Corel, and Caltech 

101) to evaluate the model and used precision and recall to 

assess efficiency. 

Irtaza et al. [31] proposed a Genetic Classifier Comity 

Learning (GCCL) by combining ANN with SVMs. The 

authors showed that using multiple classifier can 

potentially improve the performance of CBIR systems. 

This method enhanced performance and outperformed 

several state-of-the-art techniques. Qi et al. [32] 

introduced a cross-category label propagation algorithm to 

improve the image retrieval approach. The model can 

generate inter-category learning at the instance level 

among the source and target classes. Pun et al. [33] 

proposed an architecture for CBIR using rectangular 

segmentation. The authors created a significant function to 

adjust for the various image locations and enhance image 

retrieval performance. Zeng et al. [34] introduced a Local 

Structure Descriptor (LSD) to retrieve color images. Shape, 

texture, and color are combined by LSD to retrieve images. 

The Corel dataset was used to evaluate the model, and the 

result convinced the superiority of the architecture. Zhou 

et al. [35] researched on color image retrieval where the 

authors proposed new architecture by combining two 

forms of histograms, Local Directional Pattern (LDP) and 

color signature. The authors evaluated the model on two 

public datasets (Wang’s and Corel) and compared the 

result with other cutting-edge techniques. 

Nazir et al. [36] proposed a CBIR method for color and 

texture feature combinations. The authors used Color 

Histogram (CH) to extract the color information and 

utilized the Discrete Wavelet Transform (DWT) and Edge 

Histogram Descriptor (EDH) for the extraction of texture 

features. The authors used the Corel dataset to evaluate the 

model and used precision and recall to assess efficiency. 

Jhanwaret et al. [37] proposed a CBIR architecture 

utilizing the Motif Co-occurrence Matrix (MCM). MCM 

combines the information for both color and texture. By 

using fuzzy logic, Ahmed et al. [38] further enhanced the 

image retrieval performance. The image is described with 

a Fuzzy Attributed Relational Graph (FARG) which 

indicates every object in the picture. The Human Vision 

System (HSV) is used to compute texture and color 

attributes. Huang and Dai [39] developed a fuzzy matching 

algorithm that incorporated energy distribution pattern 

strings that quickly retrieved the desired images. This 

method relied on the textural similarity and used features 

from a mix of energy distribution pattern strings and sub-

band gradient vectors. Mezzoudj et al. [40] proposed a 

Spark framework for ContentBased Image Retrieval (S-

CBIR) that used Tachyon to store feature vectors at fast 

memory speed. The author sped up the process using two 

criteria (1) image Indexation by MapReduce distributed 

model and (2) image retrieval by parallel k Nearest 

Neighbor (k-NN) search with and without cache. 

Experimental results on the ImageNet dataset highlighted 

the highest runtime compared to the previous methods. 

Yashwant and Vijayshri [41] proposed a histopathology 

image segmentation algorithm on CBIR to enhance 

imagery disease diagnostic and grading system. Three 

steps followed the approach: pre-processing using 

histogram and multi radial kernel; identifying and 

extracting nuclei region; executing nuclei segmentation. 

Performance analysis evaluated on five HI and one multi-

organ histopathology images datasets and results showed 

a 6% upgrade in F1 score, 23% improvement in Hausdorff 

distance, and 7% in their proposed combined parameter 

named WCF. 

Feng et al. [42] introduced a Global Correlation (GC) 

vector, Directional Global Correlation (DGC) vector, and 

Global Correlation (GC) descriptor for image retrieval. 

The authors validated their findings using the Corel-5K 

and Corel-10K datasets, and they measured efficiency 

using recall and precision. Ali et al. [43] demonstrated a 

CBIR approach using the scale-invariant and robust 

features. These features improve the efficiency of the 

model. The authors used the Corel 1500 and 1000 datasets 

to evaluate the model. Liu et al. [44] proposed a Multi-

texton Histogram (MTH) to retrieve images that 

incorporate the histogram and co-occurrence matrix. The 

MTH descriptor represents the spatial correlation of color 

and texture orientation and finds the query image from a 

massive dataset. Rao et al. [45] introduced a CBIR system 

with two steps. First, the authors used hierarchical 

clustering to filter the pictures, and then they submitted the 

clustered images to the RBFN network to efficiently obtain 

the query image. Cheun-Horng Lin et al. [46] proposed 

three-step image retrieval systems called CTCHIRS. In the 

first two steps, color and texture features are described as 

CCM, and the third is called Color Histogram for K-Means 

(CHKM). Finally, a sequential forward selection approach 

is introduced for the selection of features. 

These existing techniques mostly focused on low-

dimensional features for content based image retrieval. 

With the use of histogram or Gabor filter techniques can 

not extract high-dimensional feature resulting in poor 

results. Hence, the DCNN is introduced for the image 

retrieval concept. 

III. METHODOLOGY 

In this paper, a feasible CBIR using AutoEmbedder is 

introduced where the higher-dimensional features of the 

images have been considered. K-means clustering 

algorithm is used to identify the similarity between the 

query image and dataset images. 

A. Proposed Algorithm 

The proposed CBIR technique is divided into two 

segments, training AutoEmbedders and retrieving similar 

images. In the first segment, higher-dimensional image 

features of the dataset images are extracted by the DCNN. 

The second segment carries out the image retrieval task by 

performing a k-means clustering algorithm. The overview 

of the proposed architecture is described in Fig. 2. 
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Figure 2. The figure illustrates the proposed CBIR architecture. First, 

the images are downsampled using AE. Then neural networks are 
applied for extracting high dimensional features. Finally, AE clustered 

images, and k-means retrieved the relevant images. 

B. Proposed Algorithm 

The overall architecture of the proposed CBIR 

technique is divided into two modules. The first module 

extracts the higher dimensional features of image datasets 

using the deep neural network, and AutoEmbedder [12] is 

used to downsample the higher dimensional data to 

clusterable embedding points. This module is further 

divided into three layers. Downsampling image to lower 

dimension using AEm, extracting higher-dimensional 

features using neural network, and using AEm cluster the 

lower dimensional images by higher dimensional extracted 

features. The second module is divided into five layers. 

The first three layers work the same as the previous 

module, and the fourth layer finds the similarity between 

the query image and image datasets. Finally, the last layer 

applies the k-means clustering algorithm to reach the point 

that is most relevant to the query image. The two modules 

can be expressed as Algorithm 1. 

In the Algorithm 1, we have used a modified version of 

AutoEmbedder (AEm). AutoEmbedder is a novel 

embedding technique where the higher-dimensional data 

is downsampled to clusterable embedding points [12]. 

AEm relates to traditional classifier deep neural network 

architecture with a pairwise loss reduction method. In 

feature learning, to compute pairwise constraint loss, AEm 

employs a Siamese network Architecture. The training 

process is semi-supervised. The embedding function is 

generated using the DNN architecture, which is then 

trained using the SNN architecture. The learned 

embedding function is then used to convert higher 

dimensions data into low dimensional embedding points 

on which clustering may be conducted. 

 

Algorithm 1: Proposed Deep-CBIR Algorithm 

      Input: Subset of the dataset for training X, 

AutoEmbedder model M, Number of 

iterations epochs, Training batch per iteration 

batchSize, Distance hyper parameter α, Query 

images Q 

 Result: Retrieve images of the query image 

initialize an AutoEmbedder models m; Build a 

siamese network S with AutoEmbedder m 

as identical subnetwork; 

        iter ← 0;  

while iter < epochs do 

initialize two empty input data set I and I0; 

     initialize an empty target output set Y ; 

      b ← 0; 

while b < batchSize do 

Randomly make a boolean choice on 0.5 

probability; 

if choice is true then 

select two random data input xi and xj  

containing must link constraint cij == 0; 

append xi to I, xj to I0 and cij to Y ; 

   else 

select two random data input xi and xj 

containing must link constraint cij == α; 

append xi to I, xj to I0 and cij to Y ; 

b = b +1; 

train siamese network S with inputs I, I0 and Y ; 
iter = iter +1; 

Generate embedding points of X, using trained 

AutoEmbeder AE; 

Apply k-mean to generate embedding point of X; 

for each q ∈ Q do 

Generate embedding point of the query image q; 

Apply k-means to find relevant image of the 

coresponding q; 

AEm relates to traditional classifier deep neural network 

architecture with a pairwise loss reduction method. In 

feature learning, to compute pairwise constraint loss, AEm 

employs a Siamese network Architecture. The training 

process is semi-supervised. The embedding function is 

generated using the DNN architecture, which is then 

trained using the SNN architecture. The learned 

embedding function is then used to convert higher 

dimensions data into low dimensional embedding points 

on which clustering may be conducted. 

IV. EVALUATION 

In this section, at first, we explain two datasets that are 

used for evaluation. Then, we describe the evaluation 

metrics we have used along with the experimental setup of 

the AutoEmbedder based image retrieval system. Finally, 

the experimental results are explained. 

A. Dataset 

Several datasets of images are used for the CBIR 

problem, such as Corel, CIFAR-10 [47], NUS-WIDE [48], 

MNIST [49], SVHN [50], etc. Among them, the Corel and 

CIFAR-10 datasets are most renowned for evaluating 

CBIR systems. To elongate the efficiency of the proposed 
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architecture, the Corel dataset has 10,800 images used in 

terms of image retrieval. The Corel dataset has a couple of 

versions, Corel-10K, Corel 5K, Corel 1K, etc. Corel 1K 

has 1000 images grouped in 10 semantic classes like Food, 

beach, flowers, elephants, buildings, mountains, buses, 

africa, dinosaurs, flowers, and horses [51]. Corel-10K has 

10800 images of several groups such as Buildings, Food, 

Mountains, Beach, Elephants, Buses, Horses, Flowers, 

Africa, Dinosaurs, etc. [52]. CIFAR-10 has 6000 images 

per class in 10 classes. It has semantic categories like Frog, 

automobile, truck, horse, bird, cat, deer, airplane, dog, 

horse, ship, and automobile. There are 60000 pictures in 

the CIFAR-10 dataset, 10000 test images, and 50000 

training images. 

It has semantic categories like Frog, automobile, truck, 

horse, etc. The CIFAR-10 has 6000 images per class in 10 

classes. bird, cat, deer, airplane, dog, horse, ship, and 

automobile. There are 60000 pictures in the CIFAR-10 

dataset, 10000 test images and 50000 training images. 

B. Evaluation Metric 

The performance of the intended CBIR approach is 

evaluated by determining the abundance of related images 

recovered in response to query images. Evaluation metrics 

such as precision and recall rates are also used where 

precision measures the capacity of the proposed system to 

recover pictures identical to the query image. The recall 

rate is considered a true positive rate to evaluate the power 

of the proposed system comparing all similar photos with 

the quantity of recovered relevant photos in the database. 

The equations of recall and precision rates are defined as 

follows: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑖𝑚𝑖𝑙𝑎𝑟 𝑖𝑚𝑎𝑔𝑒𝑠 𝑟𝑒𝑡𝑟𝑖𝑣𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝑖𝑚𝑎𝑔𝑒𝑠
        (1) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑁𝑜.  𝑜𝑓 𝑠𝑖𝑚𝑖𝑙𝑎𝑟 𝑖𝑚𝑎𝑔𝑒𝑠 𝑟𝑒𝑡𝑟𝑖𝑣𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑁𝑜.  𝑜𝑓 𝑠𝑖𝑚𝑖𝑙𝑎𝑟 𝑖𝑚𝑎𝑔𝑒𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑑𝑎𝑡𝑎𝑏𝑎𝑠𝑒
     (2) 

C. Experimental Setup 

We have used Google Colab [53] for the purpose of 

experiments. We have used TensorFlow [54] DCNN [55] 

and AutoEmbedder [12] to achieve the system 

implementation using Keras [56]. To evaluate of our 

model, we used the Corel10k dataset’s [57] images with 

the dimension of 120×120×3. In total, 10,0000 images 

were used for the evaluation purpose. The standard 

training-validation split was 85%-15%. 

D. Experiments and Comparisons on Corel-10K 

This article presented an AutoEmbedder-based image 

retrieval system that can return similar images from a 

massive database. The proposed system reduced the 

dimension of the images from the distinct dataset to lower 

and cluster them to their relevant classes. For the 

evaluation of the proposed model, first, we applied the 

algorithm to Corel-10K dataset. Fig. 3 displays the 

clustered points after experimenting with the system on the 

Corel-10K dataset. Here, we employed the euclidean 

distance of the k-means clustering algorithm to find all the 

relevant images to the query image. The Fig. 3 clearly 

presents 10 different cluster of Corel-10K dataset. 

 

Figure 3. The figure illustrates the clustered points of the Corel-10K dataset. 

 

Figure 4. The figure presents the precision and recall scores of proposed 
model on the Corel-10K dataset. 

Typically, the effectiveness of a machine learning 

model can be measured by the standard evaluation metrics 

- precision and recall. Similarly, the precision and recall 

metrics indicate the effectiveness and ability of the 

proposed system to retrieve images identical to the query 

image. Fig. 4 displays the precision and recall  respectively 

for the Corel-10K dataset. The Fig. 4 illustrates that, for 

bus, mountain, food, flower classes, the proposed model 

gives the precision and recall score of 1.00. For other 

classes, the model also demonstrated higher precision and 

recall as shown in Fig. 4. 

However, while modeling CBIR algorithms for higher-

dimensional data, the performance often degrades due to 

higher complexity. To overcome this, we applied 

AutoEmbedder, a semi-supervised system that reduces the 
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higher dimensional feature by keeping the necessary 

features [12]. These essential features help to retrieve 

relevant images after applying k-means clustering 

algorithm. The backbone of the proposed algorithm, 

Siamese Neural Network (SNN), gets a pair of inputs and 

forms a pair of outputs. First, a pairwise loss is measured 

by computing the pairwise distance of the SNN-

AutoEmbedder included embedding. This loss is 

additionally decreased using the conventional 

backpropagation method simultaneously with an 

optimization function. Thus, the models perform higher 

accuracy with modified AutoEmbedder and k-means 

clustering-based architecture. 

We also compare the outcomes of our model with 

existing state-of-the-art CBIR systems proposed by 

Alsmadi et al. [58], Madhavi et al. [59], Ashraf et al. [30], 

Youssef [60], Rao et al. [61], and Lin et al. [46]. Table I 

presents the comparison between the proposed system and 

the existing systems in terms of average precision values 

on the Corel-10K dataset. Similarly, Table II shows the 

comparison between the proposed approach and the 

existing systems in terms of average recall values on the 

Corel-10K dataset. The experimental results demonstrated 

that the proposed approach has the maximum precision 

and recall rates in all categories compared to similar 

systems. In addition, the proposed system gives the highest 

average precision and recall values of 0.981 and 0.98, 

respectively, which is greater than all other systems, as 

shown in Table I and Table II. 

TABLE I. THE TABLE PRESENTS PRECISION VALUES OF THE PROPOSED MODEL AND DIFFERENT POPULAR ARCHITECTURES ON COREL-10K DATASET 

Class Alsmadi et al. 

(2017) [46] 

Madhavi et al. 

(2016) [47] 

Ashraf et al. 

(2015) [16] 

Youssef 

(2012) [48] 

Rao et al. 

(2011) [49] 

Lin et al. 

(2009) [32] 

Proposed 

method 

Bus 0.96 0.84 0.95 0.92 0.89 0.88 1.00 

Mountain 0.82 0.81 0.75 0.74 0.51 0.52 1.00 

Beach 0.90 0.89 0.70 0.64 0.53 0.54 1.00 

Elephant 0.83 0.72 0.80 0.78 0.57 0.65 1.00 

Food 0.87 0.87 0.75 0.81 0.69 0.73 1.00 

Flower 0.96 0.91 0.95 0.95 0.89 0.89 1.00 

Africa 0.83 0.82 0.65 0.64 0.56 0.68 0.97 

Horse 0.96 0.95 0.90 0.95 0.78 0.80 0.98 

Dino 0.99 0.82 1.00 0.99 0.98 0.99 0.95 

Building 0.75 0.63 0.75 0.70 0.61 0.54 0.90 

Average 0.888 0.83 0.82 0.81 0.70 0.72 0.981 

TABLE  II.    THE T RECALL VALUES OF THE PROPOSED MODEL AND DIFFERENT POPULAR ARCHITECTURES ON COREL-10K 

DATASET 

Class Alsmadi et al. 

(2017) [46] 

Madhavi et al. 

(2016) [47] 

Ashraf et al. 

(2015) [16] 

Youssef 

(2012) [48] 

ElAlami et al. 

(2011) [50] 

Lin et al. 

(2009) [32] 

Proposed 

method 

Bus 0.75 0.73 0.19 0.18 0.11 0.12 1.00 

Mountain 0.75 0.73 0.15 0.15 0.22 0.21 1.00 

Beach 0.81 0.80 0.14 0.13 0.19 0.19 0.93 

Elephant 0.58 0.53 0.16 0.16 0.15 0.14 0.91 

Food 0.62 0.60 0.15 0.16 0.13 0.13 1.00 

Flower 0.66 0.64 0.19 0.19 0.11 0.11 1.00 

Africa 0.73 0.70 0.13 0.13 0.15 0.14 1.00 

Horse 0.85 0.84 0.18 0.19 0.13 0.13 1.00 

Dino 0.75 0.72 0.20 0.20 0.09 0.10 1.00 

Building 0.62 0.58 0.15 0.14 0.18 0.17 1.00 

Average 0.71 0.69 0.16 0.16 0.14 0.14 0.98 

 

 

Figure 5. The figure illustrates the clustered points of CIFAR-10 dataset. 
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E. Validation with CIFAR-10 Dataset 

In addition, to justify the outcomes of the proposed 

model on the Corel-10K dataset, we also evaluate the 

proposed model with CIFAR-10 dataset. At first, we 

cluster the query images, which is shown in Fig. 5. We can 

see from the image that all 10000 images of the CIFAR-10 

validation set or query image set are separated into ten 

distinct clusters. The input shape of CIFAR-10 is 32×32×3. 

The training split has 50000 images, and the validation 

split has 10000 images to find the precision and recall 

score.  

Finally, the precision and recall scores of each category 

of the CIFAR-10 dataset are shown in Fig. 6. The figure 

shows that the precision and recall scores of every category 

are much higher, which led us to conclude that the 

proposed model presents state-of-the-art results on the 

image retrieval task. 

 

Figure 6. The figure presents the precision and recall scores of proposed 
model on the CIFAR-10 dataset. 

V. CONCLUSION 

This paper proposes an effective CBIR technique using 

AutoEmbedder and Deep CNN to retrieve similar images 

from vast image datasets. The proposed CBIR model 

extracts higher-dimensional features from the image using 

the neural network. Then, all the images are clustered 

using the AutoEmbedder algorithm. Finally, by following 

the query image, relevant images are retrieved by k-means 

clustering algorithm by measuring euclidean distance. The 

proposed system is trained and evaluated by two 

benchmark datasets Corel-10K and CIFAR10. The 

experiment results revealed that the proposed method 

outperforms all the existing CBIR techniques for Corel-

10K and CIFAR-10 dataset. 
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