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The [CBIR] Content Based Image Retrieval aims to find the similar images from a large scale dataset against a query image. 

Generally, the similarity between the  representative  features  of the query image and dataset images is used to rank  the images 

for retrieval. In early days, various hand designed feature descriptors have been investigated based on the visual cues such as 

color, texture, shape, etc. that represent the images. However, the Deep Learning has emerged as  a  dominating  alternative  of 

hand-designed feature engineering from a decade. It learns t h e  features automatically from the data. This paper presents      a 

comprehensive survey of deep learning based developments in the past decade for content based image retrieval. The 

categorization of existing state-of-the-art methods from different perspectives is also performed for greater understanding of the 

progress. The taxonomy used in this survey covers different supervision, different networks, different descriptor type and 

different retrieval type. A performance analysis is also performed using the state-of-the-art methods. The insights are also 

presented for the benefit of the researchers to observe the progress and to make the best choices. The survey presented in this paper 

will help in further research progress in image retrieval using deep learning. 

 

KEYWORDS: Content Based Image Retrieval; Deep Learning; CNNs; Survey; Supervised and Unsupervised Learning. 

 
 

INTRODUCTION 

Image retrieval is a well studied problem of image 

match- ing where the similar images are retrieved from 

a database w.r.t. a given query image [1], [2]. Basically, 

the similarity between the query image and the 

database images is used       to rank the database images 

in decreasing order of similarity [3]. Thus, the 

performance of any image retrieval method depends 

upon the similarity computation between images. 

Ideally, the similarity score computation method 

between two images should be discriminative, robust 

and efficient. 

 

A. Hand-crafted Descriptor based Image Retrieval 

In order to make the retrieval robust to geometric and 

photometric changes, the similarity between images is 

com- puted based on the content of images. Basically, 

the content  of the images (i.e., the visual appearance) in 

terms of the color, texture, shape, gradient, etc. are 

represented in  the  form of a feature descriptor [4]. The 

similarity between the feature vectors of the 

corresponding images is treated as the similarity 

between the images. Thus, the performance of any 

content based image retrieval (CBIR) method heavily 
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depends upon the feature descriptor representation of 

the image.  

 
 

Fig. 1: The pipeline of state-of-the-art feature 

representation  is replaced by the CNN based feature 

representation. 

 

Any feature descriptor representation method is 

expected to have the discriminating ability, robustness 

and low dimensionality. Various feature descriptor 

representation methods have been investigated to 

compute the similarity between the two im- ages for 

content based image retrieval. The feature descriptor 

representation utilizes the visual cues of the images 

selected manually based on the need [5], [6], [7], [8], 

[9], [10], [11], 

[12], [13], [14], [15], [16]. These approaches are also 

termed as the hand-designed or hand-engineered 

feature description. Moreover, generally these 

methods are unsupervised as they do not need the 

data to design the feature representation method. 

Various survey has been also conducted time to time 

to present the progress in content based image 

retrieval, including [17]  in 2008, [18] in 2014 and [19] 

in 2017. The hand-engineering feature for image 

retrieval was a very active research area. However, its 

performance was limited as the hand-engineered 

features are not able to represent the image 

characteristics in an accurate manner. 

 

B. Distance Metric Learning based Image Retrieval 

The distance metric learning has been also used 

very exten- sively for feature vectors representation 

[20]. It is also explored well for image retrieval [21]. 

Some notable deep metric learning based image 

retrieval approaches include Contextual constraints 

distance metric learning [22], Kernel-based dis- tance 

metric learning [23], [24], Visuality-preserving 

distance metric learning [25], Rank-based distance 

metric learning [26], Semi-supervised distance metric 

learning [27], Hamming distance metric learning [28], 

[29], and Rank based metric learning [30], [31]. 

Generally, the deep metric learning based approaches 

have shown the promising retrieval performance 

compared to hand-crafted approaches. However, most 

of the existing deep metric learning based methods 

rely on the linear distance functions which limits its 

discriminative ability and robustness to represent the 

non-linear data for image retrieval. Moreover, it is also 

not able to handle the multi-modal retrieval effectively. 

       

 

 

 

 

 

 

 

C. Deep Learning based Image  Retrieval 

From a decade, a shift has been observed in feature 

repre- sentation from hand-engineering to 

learning-based after the emergence of deep learning 

[32], [33]. This transition is depicted in Fig. 1 where the 

convoltional neural networks based feature learning 

replaces the state-of-the-art pipeline of traditional 

hand-engineered feature representation. The deep 

learning is a hierarchical feature representation 

technique to learn the abstract features from data which 

are important for that dataset and application [34]. 
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Based on the type of data to be processed, different 

architectures came into existence such as Artificial 

Neural Network (ANN)/ Multilayer Perceptron (MLP) 

for 1-D data [35], [36], Convolutional Neural Networks 

(CNN) for image data [37], [38], and Reurrent Neural 

Net- works (RNN) for time-series data [39], [40]. A huge 

progress has been made in this decade to utilize the 

power of deep learning for content based image 

retrieval [32], [41], [42], [43], [44]. Thus, this survey 

mainly focuses over the progress in state-of-the-art deep 

learning based models and features for content based 

image retrieval from its inception. A taxonomy for the 

same is portrayed in Fig. 2. The major contributions   of 

this survey can be outlined as follows: 

1. This survey covers the deep learning based image 

re- trieval approaches very comprehensively in 

terms of evo- lution of image retrieval using deep 

learning, different supervision type, network type, 

descriptor type, retrieval type and other aspects. 

2. In contrast to the recent reviews [42], [21], [43], this 

survey specifically covers the progress in image 

retrieval using deep learning in 2011-2020 decade. 

An infor- mative taxonomy is provided with wide 

coverage of existing deep learning based image 

retrieval approaches as compared to the recent 

survey [44]. 

3. This survey enriches the  reader  with  the  

state-of-the- art image retrieval using deep learning 

methods with analysis from various perspectives. 

4. This paper also presents the brief highlights and 

impor- tant discussions along with the 

comprehensive compar- isons on benchmark 

datasets using the state-of-the-art deep learning 

based image retrieval approaches. 

 

Table 1: The summary of large-scale datasets for deep 

learning based image retrieval. 

Dataset Yea

r 

#Classe

s 

Trainin

g 

Test Image Type 

CIFAR-10 [45] 2009 10 50,000 10,000 Object 

Category 

Images 

NUS-WIDE 

[46] 

2009 21 97,214 65,075 Scene 

Images 

MNIST [47] 1998 10 60,000 10,000 Handwritte

n Digit 

Images 

SVHN [48] 2011 10 73,257 26,032 House 

Number 

Images 

SUN397 [49] 2010 397 100,754 8,000 Scene 

Images 

UT-ZAP50K 

[50] 

2014 4 42,025 8,000 Shoes 

Images 

Yahoo-1M 

[51] 

2015 116 1,011,72

3 

112,36

3 

Clothing 

Images 

ILSVRC2012 

[52] 

2012 1,000 ∼1.2 M 50,000 Object 

Category 

Images 

MS COCO 

[53] 

2015 80 82,783 40,504 Common 

Object 

Images 

MIRFlicker-1

M [54] 

2010 - 1 M - Scene 

Images 

Google 

Landmarks 

[55] 

2017 15 K ∼1 M - Landmark 

Images 

Google 

Landmarks 

v2 [56] 

2020 200 K 5 M - Landmark 

Images 

Clickture [57] 2013 73.6 M 40 M - Search Log 

 

This survey is organized as follows: the background 

is presented in Section II the evolution of deep 

learning based image retrieval is compiled in Section 

III; the categorization of existing approaches based on 

the supervision type, network type, descriptor type, 

and retrieval type are discussed in Section IV, V, VI, 

and VII, respectively; some other aspects are 

highlighted in Section VIII; the performance 

comparison of the popular methods is performed in 

Section IX; conclusions and future directions are 

presented in Section X. 

 

BACKGROUND 

In this section the background is presented in terms 

of the commonly used evaluation metrics and 

benchmark datasets. 

 

A. Retrieval Evaluation Measures 

In order to judge the performance of image retrieval 

ap- proaches, precision, recall and f-score are the 

common eval- uation metrics. The mean average 

precision (mAP ) is very commonly used in the 

literature. The precision is defined as the percentage 

of correctly retrieved images out of the total number of 

retrieved images. The recall is another performance 

measure being used for image retrieval by computing 

the percentage of correctly retrieved images out of the 

total number of relevant images present in the dataset. 
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The f-score is computed from the harmonic mean of 

precision and recall. 

 

B. Datasets 

With the inception of deep learning models, various 

large- scale datasets have been created to facilitate the 

research in image recognition and retrieval. The 

details of large-scale datasets are summarized in Table 

I. Datasets having various types of images are 

available to test the deep learning based approaches 

such as object category datasets [45], [52], [53], 

scene datasets [46], [49], [90], digit datasets [47], [48], 

apparel 

datasets [50], [51], landmark datasets [55], [56], etc. 

The CIFAR-10 dataset is very widely used object 

category datset [45]. The ImageNet (ILSVRC2012), a 

large-scale dataset, is also an object category dataset 

with more than a million number of images [52]. The 

MS COCO  dataset  [53]  cre- ated for common object 

detection is also utilized for image  retrieval purpose. 

Among scene image datasets commonly used  for  

retrieval  purpose,  the  NUS-WIDE  dataset  is from 

 
Figure 2: The illustration of the neural code generation 

from a convolutional neural network (CNN) 

 

National University of Singapore [46]; the Sun397 is a 

scene understanding dataset from 397 categories with 

more than one lakh images [49], [91]; and the 

MIRFlicker-1M [90] dataset consists of a million images 

downloaded from the social photography site Flickr. 

The MNIST dataset is one of the old and large-scale digit 

image datasets [47] consisting of optical characters. The 

SVHN is another digit dataset [48] from the street view 

house number images which is  more  complex than 

MNIST dataset. The shoes apparel dataset, namely UT- 

ZAP50K [50], consists of roughly 50K images. The 

Yahoo-1M is another apparel large-scale dataset used in 

[51] for image retrieval. The Google landmarks dataset 

is having around a million landmark images [55]. The 

extended version of Google landmarks (i.e., v2) [56] 

contains around 5 million landmark images. There are 

more datasets used for retrieval in the literature, such as 

Corel, Oxford, Paris, etc., however, these are not the 

large-scale datasets. The CIFAR-10, MNIST, SVHN and 

ImageNet are the widely used  datasets  in  majority  of 

the research. Clickture is a common dataset for search 

log based on the queries of users [57]. The click property 

has  been utilized for different applications, such as 

cross-view learning for image search [92], distance 

metric learning for image ranking [93] and deep 

structure-preserving embeddings with visual attention 

[94]. 

Note that only CIFAR-10 and MNIST datasets contain 

the same number of samples in each  category.  Other  

datasets are created generally in unconstrained 

environment with huge number of samples, thus the 

classes are not well balanced.  The choice of dataset can 

be dependent upon the scenario where image retrieval 

models need to be used, such as object category and 

scene datasets for unconstrained environment, apparel 

datasets for e-commerce applications, and landmark 

datasets for driving applications. 

 

III. EVOLUTION OF DEEP LEARNING FOR 

CONTENT BASED IMAGE RETRIEVAL (CBIR) 

The deep learning based generation of descriptors or 

hash codes is the recent trends large-scale content based 

image retrieval, due to its computational efficiency and 

retrieval quality [21]. In this section, a journey of deep 

learning models for image retrieval from 2011 to 2020 is 

presented as a chronological overview in Fig. 3. 

1) 2011-2013: Among the initial attempts, in 2011, 

Krizhevsky and Hinton have used a deep autoencoder 

to map the images to short binary codes for content 

based image retrieval (CBIR) [8]. Kang et al. (2012) 

have proposed a deep multi-view hashing to generate 

the code for CBIR from multiple views of data by 

modeling the layers with view- specific and shared 

hidden nodes [5]. In 2013, Wu  et al. have considered 

the multiple pretrained stacked denoising 

autoencoders over low features of the images [6]. They 

also fine tune the multiple deep networks on the 

output of the pretrained autoencoders. 

2) 2014: In an outstanding work, the  activations  

of  the top layers of a large convolutional neural 

network (CNN) are utilized as the descriptors (neural 

codes) for image retrieval 

[61] as depicted in Fig. 4. A very promising 

performance has been recorded using the neural codes 
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for image retrieval even if the model is trained  on 

un-related data. The neural code     is compressed 

using principal component analysis (PCA) to generate 

the compact descriptor. In 2014, deep ranking model is 

investigated by learning the similarity metric directly 

from images [2]. Basically, the triplets are employed to 

capture the inter-class and intra-class image 

differences. 

3) 2015: In 2015, a deep architecture is developed 

which consists of a stack of convolution layers to 

produce the intermediate image features [3] which are 

used to generate the hash bits. The triplet ranking loss 

is also utilized to incorporate the inter-class and 

intra-class differences in [6] for image retrieval. Zhang 

et al. (2015) have developed  a deep regularized 

similarity comparison hashing (DRSCH) by training a 

deep CNN model to simultaneously optimize the 

discriminative image features and hash functions [4]. 

1) 2016: In 2016, Gordo et al. have pooled the relevant 

regions to form the descriptor with the help of a 

region proposal network to prioritize the important 

object regions [5]. Song et al. (2016) have computed 

the lifted structure loss between the CNN and the 

original features [66]. Supervised deep hashing 

network (DHN) learns the important image 

representation by controlling the quantization error 

[7]. At the same time, Cao et al. have introduced a 

deep quantization network (DQN) which is very 

similar to the  DHN  model [68]. The CNN based 

features are aggregated in [69] with   the help of 

rank-aware multi-assignment and direction based 

combination. A sigmoid layer is added before the 

loss layer   of a CNN to learn the binary code for 

CBIR [3]. 

2) 2017: In 2017, Cao et al. have proposed HashNet 

deep architecture to generate the hash code by a 

continuation method [7]. It learns the non-smooth 

binary activations using the continuation method to 

generate the binary hash codes from imbalanced 

similarity data. Gordo et al. (2017) have shown that 

the noisy training data, inappropriate deep archi- 

tecture and suboptimal training procedure are the 

main hurdle to utilize the deep learning for image 

retrieval [72]. Different masking schemes are used in 

[3] to select the prominent CNN features for image 

retrieval. A bilinear network with two parallel CNNs 

is also used as a feature extractors [4]. 

3) 2018: In 2018, Cao et al. have investigated a deep 

cauchy hashing (DCH) model  for  binary  hash  code  

with  the help of a pairwise cross-entropy loss based 

on Cauchy distribution [5]. Su et al. have employed 

the greedy hash by transmitting the gradient as 

intact during the backpropagation for hash coding 

layer which uses the sign function in forward 

propagation [6]. Different approaches such as policy 

gradient [7] and series expansion [7] are also utilized 

to train the models. Deep index-compatible hashing 

(DICH) method [9] is investigated by minimizing the 

number of similar bits between the binary codes of 

inter-class images. 

4) 2019: In 2019, a deep incremental hashing network 

(DIHN) is proposed in [10] to directly learn the hash 

codes  corresponding to the new class coming 

images, while retaining the hash codes of existing 

class images. A supervised quantiza- tion based 

points representation on a unit hypersphere is used 

in deep spherical quantization (DSQ) model [1]. 

DistillHash 

[2] distills data pairs and learns deep hash functions 

from   the distilled data set by employing the 

Bayesian learning framework. A deep progressive 

hashing (DPH) model is developed to generate a 

sequence of binary codes by utilizing the 

progressively expanded salient regions [3]. Adaptive 

loss function based deep hashing [8], 

just-maximizing-likelihood hashing (JMLH) [5] and 

deep variational binaries (DVB) [6] are other 

approaches discovered in 2019. 

5) 2020: Recently, in 2020, Shen et al. have come up with 

a twin-bottleneck hashing (TBH) model between 

encoder and decoder networks [7]. They have 

employed the binary and continuous bottlenecks as 

the latent variables in a collaborative manner. Forcen 

et al. (2020) have utilized the last convolution. 

 

A. Supervised Approaches 

The supervised deep learning models are used by 

re- searchers very heavily to learn the class specific 

and discrim- inative features for image retrieval. In 

2014, Xia et al. have used a CNN to learn the 

representation of images which is used to generate a 

hash code and class labels [5]. The promising 

performance is reported over MNIST, CIFAR-10 and 

NUS- WIDE datasets. Shen et al. (2015) [6] have 
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proposed the supervised discrete hashing (SDH) 

based generation of image description with the help of 

the discrete cyclic coordinate de- scent for retrieval. 

Liu et al. (2016) have done the revolutionary work by 

introducing a deep supervised hashing (DSH) method 

to learn the binary codes from the similar/dissimilar 

pairs of images [7]. A similar work is also presented in 

deep pairwise- supervised hashing (DPSH) method 

for image retrieval [8]. The pair-wise labels are 

extended to the triplet labels (i.e., query, positive and 

negative images) to train a shared deep CNN model 

for feature learning [9]. An independent layer- wise 

local updates are performed in [10] to efficiently train   

a very deep supervised hashing (VDSH) model. 

 

B. Unsupervised Approaches 

Though the supervised models have shown 

promising per- formance for retrieval, it is difficult to 

get the labelled large- scale data always. Thus, several 

unsupervised models have been also investigated 

which do not require the class labels. The unsupervised 

models generally enforce the constraints on hash code 

and/or generated output to learn the features. 

Erin et al. (2015) [1] have used the deep networks in 

an unsupervised manner to learn the hash code with the 

help       of the constraints like quantization loss, 

balanced bits and independent bits. Huang et al. (2016)  

[11]  have  utilized  the CNN coupled with 

unsupervised discriminative clustering. In an 

outstanding work, DeepBit utilizes the constraints like 

minimal quantization loss, evenly distributed codes and 

un- correlated bits for unsupervised image retrieval [12], 

[13]. In order to improve the robustness of DeepBit, a 

rotation data augmentation based fine tuning is also 

performed. However, the DeepBit model suffers with 

the severe quantization loss due to the rigid binarization 

of data using sign function without considering its 

distribution property. Deep binary descriptor with 

multiquantization (DBD-MQ) [11] tackles the quantiza- 

tion problem of DeepBit by jointly learning the 

parameters and the binarization functions using a 

K-AutoEncoders (KAEs). 

It is observed in [1] that unsupervised CNN can learn 

more distinctive features if fine tuned with hard 

positive and hard negative examples. The patch 

representation using a patch convolutional kernel 

network is also adapted for patch retrieval [10]. An 

anchor image, a rotated image and a random image 

based triplets are used in unsupervised triplet hashing 

(UTH) to learn the binary codes for image  retrieval  [9].  

The  UTH objective function uses the combination of 

discriminative loss, quantization loss and entropy loss. 

An unsupervised similarity-adaptive deep hashing 

(SADH) is proposed in [8] by updating a similarity 

graph and optimizing the binary codes. 

C.Semi, Weakly, Pseudo and Self -supervised 

Approaches 

The semi-supervised approaches generally use a 

combi- nation of labelled and unlabelled data for 

feature learning [10], [11]. Semi-supervised deep 

hashing (SSDH) [11] uses labelled data for the 

empirical error minimization and both labelled and 

unlabelled data for embedding error min- imization. 

The generative adversarial learning has been also 

utilized extensively in semi-supervised image 

retrieval [14], [11], [1]. A teacher-student based 

semi-supervised image retrieval [11] uses the pairwise 

information learnt by the teacher network as the 

guidance to train the student network. 

Weakly-supervised approaches have been also 

explored for the image retrieval. Tang et al. (2017) 

have put forward a weakly-supervised multimodal 

hashing (WMH) by utilizing the local discriminative 

and geometric structures in the visual space [12]. 

Guan et al. (2018) [13] have performed  the 

pre-training in weakly-supervised mode and 

fine-tuning in supervised mode. A weakly supervised  

deep hashing using tag embeddings (WDHT) [1] 

utilizes the word2vec semantic embeddings. A 

semantic guided hashing (SGH) [5] is used for image 

retrieval by simultaneously employing the weakly- 

supervised tag information and the inherent data 

relations. 

 
 

Fig. 3: A typical Autoencoder network consisting of an 

En- coder and a Decoder network. Generally, the 

encoder is a CNN and the decoder is an up-CNN. The 

Input Ideally they should be same 
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output of the encoder is    a latent space which is used 

to generate the hash codes. 

 

NETWORK TYPES FOR IMAGE  RETRIEVAL 

In this section, deep learning based image retrieval 

ap- proaches are presented in terms of the different 

architectures. A chronological overview from 2011 to 

2020 is for different type of networks for image 

retrieval. 

 

A. Convolutional Neural Networks for Image Retrieval 

Convolutional neural networks (CNN) based feature 

learn- ing has been utilized extensively for image 

retrieval as shown in Fig. 4. In 2014, CNN features 

off-the-shelf have shown       a tremendous performance 

gain for image recognition and retrieval as compared to 

the hand-crafted features [3]. At   the same time the 

activations of trained CNN has been also explored as the 

neural code for retrieval [6]. An image representation 

learning has been also performed using the CNN model 

to generate the descriptor for image retrieval. 

A. Summary 

Based on the progress in image retrieval using deep 

learning methods for different retrieval types, following 

are the outlines drawn from this section: 

The cross-modal retrieval approaches learn the joint fea- 

tures for multiple modality using different networks. 

The recent methods utilize of the adversarial network 

for cross-modal retrieval. The similar observation and 

trend has been also witnessed for sketch based image 

retrieval. 

• The multi-label and instance retrieval approaches are 

generally useful where more than one type of visual 

scenarios is present in the image. The deep learning 

based approaches are able to handle such retrieval by 

facilitating the feature learning through different type of 

networks. 

• The region proposal network based feature selection has 

been employed by the existing deep learning methods 

for the object retrieval. 

• The semantic information of the image has been used by 

different networks through abstract features to enhance 

the semantic image retrieval. The reconstruction based 

network is more suitable for semantic preserving 

hashing. 

• Different feature selection and aggregation based net- 

works have been utilized for fine-grained image 

retrieval. 

• The asymmetric hashing has also shown the suitability 

of deep learning models by processing the query and 

gallery images with different networks. 

•  

B. Applications 

The deep learning based approaches have been 

utilized for image retrieval pertaining to different 

applications such as cloth retrieval [8], biomedical 

image retrieval [9], face retrieval [8], [10], remote 

sensing image retrieval [12], landmark retrieval [2], 

social image retrieval [9], and video retrieval [7]. 

 

CONCLUSION AND FUTURE DIRECTIVES 

 

A. Conclusion and Trend 

This paper presents a comprehensive survey of deep 

learn- ing methods for content based image retrieval. As 

most of   the deep learning based developments are 

recent, this survey majorly focuses over the image 

retrieval methods using deep learning in a decade from 

2011 to 2020. A detailed taxonomy is presented in terms 

of different supervision type, different networks used, 

different data type of descriptors, different retrieval type 

and other aspects. The detailed discussion under each 

section is also presented with the further categorization. 

A chronological summarization is presented to show the 

evolution of the deep learning models for image 

retrieval. Moreover, the chronological overview is also 

portrayed under each category to showcase the growth 

of image retrieval ap- proaches. A summary of 

large-scale common datasets used for image retrieval is 

also compiled in this survey. A performance analysis of 

the state-of-the-art deep learning based image retrieval 

methods is also conducted in terms of the mean average 

precision for different no. of retrieved images. 

The research trend in image retrieval suggests that the 

deep learning based models are driving the progress. 

The recently developed models such as generative 

adversarial networks, autoencoder networks and 

reinforcement learning networks have shown the 

superior performance for  image  retrieval.  The 

discovery of better objective functions  has  been  also  

the trend in order to  constrain  the  learning  of  the  

hash  code for discriminative, robust and efficient image 

retrieval. The semantic preserving class-specific feature 

learning using different networks and different 



  

 

 
421  International Journal for Modern Trends in Science and Technology 

 

 

quantization techniques is  also the recent trend for 

image retrieval. Other trends include utilization of 

attention module, transfer learning, etc. 
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