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Abstract— Recently, retrieving and searching for relevant images from large datasets has become increasingly 

challenging for researchers. Hashing methods that mapped raw data into a short binary code have attracted 

increasing attention from the researcher. Most existing hashing approaches map samples to a binary vector with a 

single linear projection. This paper introduces a CNN-based hashing method that uses multiple nonlinear projections 

to produce additional short-bit binary code. Applying a convolutional neural network, we obtain an end-to-end. In 

order to maintain similarity between images, a loss function was also designed. Moreover, it minimized the 

quantization error by providing a uniform distribution of the hash bits. Extensive experimental results from various 

image retrieval benchmarks show the superiority of the proposed method and demonstrate its efficient performance 

compared with other state-of-art methods. 

 

Keywords: Deep learning, hashing, Convolutional neural network, image retrieval.  

1. Introduction 

The growing amount of high-dimensional image data has been frequently used in numerous applications and search 

engines, particularly artificial intelligence. Searching for relevant images and fast retrieving from a large-scale 
dataset becomes an emerging issue to be solved [1]. Based on solid learning ability and better probability 

advantages, it is common to be applied the deep hashing method for data retrieval. Meanwhile, deep hashing 

methods using the hash function transform the image data with high dimensionality into a binary code and extract 

data stored in the hamming space. For this reason, deep hashing methods are gaining importance in image retrieval. 

In this context, various hashing-based methods have been proposed [2], [3]. Text-based image retrieval (TBIR) uses 
the text annotation method to describe the image structure so that they can form the search terms for each image   

[4].  

However, CBIR depends on manual annotation, so content-based image retrieval (CBIR) has gradually been 

replaced [5], [6]. Using a computer to analyze the image, they established the explanation between the aspects of 

the image in CBIR approaches. However, there is an undeniable gap between feature description and high-level 

semantics. Deep hashing methods can overcome the limitation problems of CBIR; therefore, deep hashing is 

emerging as a popular topic for researchers. There are two categories of existing hashing techniques: data-

independent and data-dependent [7]. The binary code is generated using the random projection matrix in the first 

type of hashing method [8]. According to the theoretical study, The hamming distance between two images 

increases with the binary length, approaching the distance between them and the feature space [9]. However, the 

extended binary code usually requires an excellent performance, which costs much memory. The excellent 
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performance of features extraction of the convolutional neural network has proven in numerous tasks related to 

computer vision [10] has sparked a revolution in deep hashing. Object identification, image classification, and facial 

recognition are just a few examples. CNN can learn a complete visual representation at the mid-level, extracting 

the semantic features. Hashing methods can also be utilized with CNN, as many other researchers have used.  

 Deep hashing has been highlighted by the rapid development of CNN [11], [12]. In order to obtain high-quality 

binary code, it is imperative to develop more effective techniques. This study presents a method to retrieve large-

scale images using supervised deep hashing, as illustrated in Fig. 1. Our proposed model employs CNN’s learning 

capabilities to extract the semantic similarity of images. The hash function in this framework was built on CNN to 

learn the nonlinear transformation. 

Furthermore, it builds a continuous link between binary information and image pixels to retrieve the image. 

Depending on certain limits on the highest layer of the deep neural network, the proposed method is optimized 

using the stochastic gradient descent approach and the backpropagation algorithm. The following list summarizes 

the significant contributions of the proposed method: 

• The deep convolutional neural network-based hash coding approach is introduced and employs 

multiple nonlinear projections to generate the additional distinctive short binary codes. To extract 

a rich representation of mid-level information, CNN is applied as the basis of the network. 
Meanwhile, hash encoding and concurrent learning of the feature representation in back to the 

back network make the feature of binary code consistent.  

 

• In order to ensure semantic similarity, a loss function has been designed that compels comparable 

images map toward similar binary codes; in the meantime, we minimize the quantization error 

by providing a uniform distribution of the hash bits. 

 

 

• Finally, extensive experiments have been conducted to test our method against three 

benchmarks: NUSWIDE, MIRFLICKR25, and MS COCO for retrieval tasks. Comparative 

results illuminate that our method outperforms state-of-the-art supervised hashing methods. 

•  

The paper is summarized as follows. In Section 2,  we have discussed the related works. Section 3 presents the 
proposed method and primary model. Section 4 demonstrates the experiments’ results and ablation analysis, and 

section 5 summarizes the conclusion. 

2. Related Work 

Data independent and data-dependent hashing algorithms are classified as data hashing algorithms, respectively. 

The data-independent method generates a hash function at random without training data. Generally, locality-

sensitive hashing (LSH) [13] randomly maps related images to similar binary codes with a high likelihood. The 

kernelized local sensitive hash can generate more flexible binary codes by leveraging arbitrary kernel functions by 

enhancing LSH’s adaptability [14]. Recently implementations have included other versions of LSH [15], [16]. 

Another learning-based hashing algorithm is known as the data-dependent technique. These methods generate hash 

codes to reduce the one-sidedness of data-independent algorithms using training data to minimize the objective 

function. 

Unsupervised and supervised learning methods are the two types of learning-based methodologies. Unsupervised 

hashing learns the hash function from unlabeled data and converts it to a hash code that preserves similarity. Spectral 

hashing (SH) [17], anchor graph-based hashing (AGH) [18], iterative quantization (ITQ) [19], isotropic hashing 

[20], spherical hash (SPH) [21], and discrete graph hash (DGH) [22] are examples of approaches in this area. 

Unsupervised hashing algorithms cannot achieve adequate retrieval performance in actual applications due to the 
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semantic gap. The supervised approaches usually convert the data faster and result in short-bit compact binary code 

with more semantics than unsupervised approaches, which aids in the retention of supervised information in the 

hash code. As a result, the supervised technique outperforms the unsupervised method in terms of retrieval 
performance. Kernel supervised hashing (KSH) [23], binary reconstruction embedding (BRE) [24], semi-supervised 

hashing (SSH) [25], fast supervised hashing (FastH) [26], Supervised discrete hash (SDH) [27], and Self-taught 

hash (STH) [28] are examples of supervised hashing algorithms. The semantic neighbor graph hashing (SNGH) 

[29] algorithm does not directly employ tags to train the hash function. However, it keeps the similarity of fine-

grained measurement, which depends on the semantic graph. It has been built using semantic supervision with the 

local structural neighborhood. SINGH offers a local similarity-based function that adaptively estimates multi-level 

similarity by recording intra-class and inter-class differences by analyzing the original data rather than using it 

directly for learning. The shallow supervision technique utilizes features supported by the original data to hash 
learning. The original data is not used or analyzed during hash learning, limiting its usefulness. On the other hand, 

deep hashing approaches have shown competitive performance when using deep features of deep CNN due to its 

great representational ability.  

2.1. Deep Hashing Methods 

An artificial neural network generates layers based on nonlinear operations or sophisticated architectures that 

generate high-level semantic information from inputs by using artificial neural networks. As well as learning high-

level features representation, deep learning can also teach a hierarchical representation of data to utilize it fully. 

Many vision applications are based on deep learning, including image classification [30], semantic assessment, 

object recognition, semantic segmentation, action recognition, and newly proposed deep hashing algorithms. As far 

as we know, deep hashing is known to be the pioneering effort of semantic hashing. 

Salakhutdinov and Hinton learned binary codes for visual search using a stacked restricted Boltzmann machine 
(RBM). However, this model is more complicated, necessitating pre-training and fine-tuning and achieving high 

efficiency in various functional applications. As a result, Xiao [31] presented a hashing method involving deep 

convolutional neural, the earliest hashing algorithm based on CNN. Compared to shallow hashing methods that 

employ hand-crafted features, CNN is a two-stage approach that delivers a considerable speed boost. However, this 

technique does not use CNN to perform bitwise operations on the hash function in an end-to-end architecture. The 
binary code update is unaffected by the learned image representation. As a result, CNNH cannot fully exploit deep 

learning’s significant potential. The deep regularized similarity comparison hash (DRSCH) was proposed by Zhang 

in [32], which is based on triple loss and employs weighted hamming distance instead of conventional hamming 
distance. Only two images contain the same label in a triplet, which helps optimize the relative distance between 

the matched and unmatched pairs while maintaining image similarity. Another disadvantage is using activation 

functions similar to tanh to restrict the hash layer’s output, resulting in vanishing gradient issues. As a result, Liu 

[33] proposed a novel method of deep supervised hash (DSH); this method smooths the pairwise loss function to 

make the network’s output more approximating using symbolic activation. Also, address the ill-posed gradient 

challenge in optimization, and improve performance on various benchmarks. However, in order to increase 

performance quality, more changes must be performed by rectifying hyperparameter modifications. Nevertheless, 
these approaches’ training objectives have certain flaws restricting their actual retrieval performance, as 

demonstrated in the experiment section.  

3. Proposed Methodology 

This study utilizes the supervised-based deep hashing method to generate compact binary code. An overview of the 

proposed method presents in Fig.1, which consists of three main stages. The network parameter was initialized in 

the first stage. In the second stage, Our method used the images with datasets labeling information to fine-tune the 

network. At last, with the completion of the training process, Binary codes were derived from the network’s outputs 

based on input images and quantization. The proposed method forced the generated binary code to meet the 

following requirements to enhance the quality of result and bit size. (1) Ideally, similar images should be encoded 
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into a binary code that is relatively similar. In contrast, those not similar should be as different as possible. (2) With 

the evenly distributed hash bits, the quantization error should be reduced from hamming to euclidean space. Our 

method is further explained as follows. 

 

Fig.1  Basic structure of our model. The primary network is GoogleNet, and our hash layer replaces the last classification 

layer. The hash bits of the layer define their unit number. An image batch is fed to the network during the training as input . 

By coding similar images in the same binary patterns, we force them to be coded the same way and vice versa, in addition 

to minimizing quantization errors and ensuring that hash bits are evenly distributed. The trained network is tested by 

inputting a new image, and this is quantized into [+1, -1] 

 

3.1 Network Architecture  
 

Deep architecture training stages include two main parts, The first component is the initialization of the network, 

and another one is optimization. Due to remarkable performance in image classification, a famous CNN-based 

inception architecture, “GoogleNet,” has been adopted in our model for extracting the information as the basic 

structure to hashing. We used pre-trained “GoogleNet” from the Caffe model to initialize the network, which was 

used in various large-scale ImageNet datasets for training. This dataset consists of more than one million images 

categorized into hundred different classes. A fully connected layer was replaced with “Google Net’s” last 
convolutional layer to enforce the learning of compact binary codes to accommodate the hashing task. In the second 

phase, the network is adjusted to the distinct data set standard for image retrieval using the stochastic gradient 

descent technique and backpropagation algorithm. The following section will describe details of the loss function 
and parameter updates  

 

3.2. Loss Function 

Suppose we have Ω as the space of an initial image, a binary code of K bits is assigned to each image with each 

image mapped from original to hamming space, which is our primary objective Ω→{+1,−1}𝐾 . Loss functions are 

devised in order to save similar images as closely as possible and non-similar images as precisely as possible. We 

have a pair of images, I1 and I2, and the binary code for each image pair is represented as c1 and  c2. Meanwhile, we 

ensure that the quantization error is reduced to the minimum. The hash bits are constantly distributed to allow 

additional data. The structured loss function is expressed as follows:  
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Fig. 2 Assume a batch consisting of four images  as illustrated. The loss calculation is always done as a pair for each and its 

latter image within a batch. The number of pairs in total is 𝑃𝑛2 = 𝑛!2!(𝑛−2)!=6. 
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Where 𝑌indicates the semantic similarity of images. Where 𝑌=1 implies that the image features are similar, and 𝑌=0 implies that the image features are dissimilar. The hamming distance amongst the binaries is denoted as D (,) 

and m stands for the threshold value. As stated in (1), the first section of the equation aims to force closed binary 
codes between similar images and a large hamming distance between dissimilar images. We can write this part as 

follows. 
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Network entries consist of batches of images. Our network forces each image and the latter image to be paired. 

Hence, if there are n images in the batch, then there are n pairs 𝑃𝑛2 = 𝑛!2!(𝑛−2)!. Fig. 2 shows how the combination is 

achieved. It was an excellent idea to use equation (2) to train the network using a backpropagation algorithm. 
Nevertheless, this is challengeable because of its indistinguishable properties. A popular technique, tanh or sigmoid, 

is used for overcoming this problem, which aims to constrain the output within {-1, +1}. This allows you to relax 

the integer constraint of the series constraint. However, this type of technique slows down network convergence. 

Therefore, relax the binary constraint and replace it with {-1,1} with {-1, +1}. Then equation (2)can be written as:  
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 [ 1, 1] , {1,2}K

ic i − +  . 

In order to compute the distance between the network’s output, we have used the l2 norm along with the loss 

function’s upper part. A gradient descent technique and backpropagation algorithm use to train the network. The 

gradient of “equation (3)” can be measured with respect to ci, I ∈ {1,2}, which is as follows. 
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Such that  

 1, 1
K

i
c  − +  where  {1,2}i . 

Equation (4) can be used to calculate the gradient when the value of 𝑌=1; alternatively, when the value of Y=0, the 

gradient can be driven using “equation (5)”. A binarization step is required since the network’s outputs are real-

valued. The second portion of “equation(1)” goal is to reduce the error within the hamming space.  
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The network’s real-valued outputs are measured in units called vi. In order to increase the capacity for information. 

We advocate a uniform distribution of compact binary codes in the initial part of (1). More information can be 

transferred if the likelihood of -1 or 1 in a binary code is closer to 50%. This results in a sum of bits that is nearly 

zero. Therefore, the loss function can represent as. 
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1 1
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K n
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= −               (7) 

The ci (j) represents a jth bit of ith binary code; the number of binary codes is indicated by n. The proposed approach 

ensures that the network system uses the mentioned loss function to secure image semantic similarity and enhance 

retrieval performance. Additionally, it reduces quantization error and evenly distributes binary codes. After the 

network’s training phase is completed, the model generates the K-bit binary code for image testing. We initially 

feed an image into a network and encode it into a K dimensional real feature vector, as illustrated in Fig. 1. Then, 

for the network’s outputs, a basic quantization c=sign(v) results with K bit binary code, as we stated earlier.  

4. Experiments  

4.1 Dataset  

 
MIRFLICKR-25: This is a smaller version of the MirFlickr25K dataset. This dataset has 25,000 images divided 

into 24 item classifications. In our experiment, we classified the dataset based on its original annotations. An image 

in the collection was tagged with 24 different types of objects in a 24-dimensional vector. The training of our hash 

coding algorithm takes 10000 images, and the testing of the hashing algorithm for image allocation relies on another 
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5000 images. Table 1 lists the dimensions of three datasets and the number of training sets, testing sets, and labels 

applied to each.  

NUSWIDE: Nearly 270,000 image URLs from Flicker are collected in the NUSWIDE dataset. Images are 

classified into 81 categories, with some having several labels. In our studies, we employ a subset of the NUSWIDE 

dataset. We adopt the 21 most often used labels using a process reported before. Each label has at least 5000 images 

associated with it.  

MS COCO: Datasets in the current release consist of 82,783 images from the training set and 40,137 images from 

the validation set. The data set produces five sentences as ground truth labels for each image based on the 80 most 

persistent categories. There are 82,081 training images, and some images with no category have been removed from 

the training set. 

Table 1. Statistics of the experimental dataset 

 

4.2  Metrics  

The proposed method was compared with several other hashing methods such as LSH, COSDISH, PCAH, SH, 

DSH, etc. These hashing methods were briefly discussed in section II. For all hashing algorithms compared, the 

default parameters are used. Our study examines the performance of the technique by three widely used matrices: 

mean average precision (mAP), top-N precision (P@N), and precision-recall curves (PRC). 

 

4.3  Experimental setting 

Due to remarkable performance in image classification, a famous CNN-based inception architecture, “GoogleNet,” 
has been adopted in our model for extracting the information as the basic structure to hashing. Our network was 

initially trained on pre-trained GoogleNet data from the Caffe model, used in various large-scale imageNet datasets. 

GoogleNet replaces its last convolutional layer with a fully connected layer for the hashing task to enforce compact 

binary code learning. In the second phase, the network is adjusted to the different data set standards for image 

retrieval using the stochastic gradient descent technique and backpropagation algorithm. The following section will 

elaborate on the details of the loss function and parameter updates 

5. Results and Discussion  

 

Models Datasets 

MIRFLICKR-25K MSCOCO NUSWIDE 

8bits     16bits     12 bits     32 bits 8 bit    16 bits   12bits     32 bits  8 bits    16 bits    12 bits    32 bits  

OUR 0.8701    0.8810     0.8740       0.871 0.8712    0.8696     0.8749      0.8803 0.7602    0.7795     0.7887      0.7989 

COSDISH 0.7453    0.7748      0.7909        0.7970 0.4253    0.4909     0.5151      0.5395 0.5339    0.5570     0.5732      0.5822 

SDH 0.7268   0.7292      0.7347       0.7416 0.3371    0.4779     0.5142      0.5200 0.5221    0.5394     0.5415      0.5488 

ITQ 0.6448   0.6472     0.6515       0.6517 0.1767    0.1839     0.1858      0.1902 0.4725    0.4835     0.4880      0.4943 

Dataset  NUSWIDE  MIRFLICKR-25K  MS COCO  

Dataset size  195834  20015  85000  

Training set 10500 10000 10000 

Query set  2100 2000 5000 

No of  labels  21  24  80 
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LSH 0.5821   0.5845     0.5826       0.5863 0.1087    0.1137     0.1172      0.1331 0.3845    0.4047     0.4090      0.4090 

PCAH 0.6843   0.6968     0.7001      0.7035 0.3096    0.3599     0.3766      0.3892 0.4985    0.5084      0.5160       0.5236 

SH 0.7498    0.7622    0.7745       0.7670 0.l5803   0.5959     0.6329       0.6358 0.6472    0.6598     0.6747      0.6784 

DSH 0.7127     0.7291    0.7394      0.7353 0.7470    0.7623    0.7773       0.8019 0.6160    0.6370    0.6397       0.6384 

 

Table 2. Results of mAP with different lengths of code on three datasets. 

 

 

Fig. 3 PRC results of comparison methods with 16 bits hash code on three large  datasets  

(a) MirFlickr-25K (b) MS-COCO (c) NUS-WIDE. 

 

Table .2 illustrate the mAP values for all baselines that were compared. The results of the proposed method on 

various data sets with different binary codes lengths show that it performs significantly better than each of the 

competitive baselines. On MIRFlickr25K and MSCOCO NUSWIDE datasets, the performance of our proposed 
method was enhanced by 11.05, 38.45, and 23.27%, respectively, with the comparison of NNH methods. On three 

large-scale datasets, the mAP values obtained by our method are 10.02%, 8.91%, and 12.37% higher than those 

obtained by other methods. It is clear from such improvements that our method is effective. 

 Besides reporting the mAP and precision curves with 16-bit hash code on these top retrieved data samples, we also 

report the efficiency of P@5000 evaluated by various top retrieved data samples, as shown in Fig.3 and Fig.5 

particularly. On three large datasets, the average performance gaps between PCAH and proposed method retrieval 

performance are 14.31%,38.61%, and 23.17%. Comparing the proposed method to DSH achieved an average 

performance improvement of 10..02%, 8.79%, and 12.287% based on P@5000 values for three datasets. Fig.5 

illustrates a consistent outperforming of all other states of art methods on various datasets. This shows the result of 

the precision-recall curve on three benchmark datasets, and the area under the curve represents significant 

performance. A comparison of precision-recall curves is presented inFig.4 on three different datasets with 16 bits 

hash codes. 
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Fig.4  The PRC results of 16-bit hash code for various methods. (a) MIRFLICKR25K (b) NUSWIDE (c) MSCOCO. 
 

 

Fig. 5 PR result based on top three returned datasets with 16 bits hash code. (a) MIRFlickr25K (b) NUSWIDE (c) MSCOCO. 

Furthermore, The methods also produce high accuracy even when recall points are low, which is enough for 

implementing such a system for image retrieval. Therefore, the results indicate that our proposed technique is 

significantly better than all baseline approaches evaluated on various datasets with respect to the performance of 

mAP, P@5000, and PR curves. 
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Table 3. Three mAP results for proposed and other methods using multiple datasets with different code lengths. 

 

Table 3 illustrates the retrieval performance of the mAP result. During comparisons with other methods on three 

datasets, the proposed method consistently performed better than other methods; for example, compared with the 

competitive method CNNH our method can achieve significant improvement with an average performance of 

6.01%,4.71%, and 5.67% MIRFlickr25K, MSCOCO, and NUSWIDE, respectively. Based on three widely used 

data sets, we find that the average performance gap is 2.01%, 1.07%, and 2.30%.  

Table 4. A comparison results of proposed and other methods of P@5000 with a different hash length of hash code on three 

datasets. 

 

 In table 4, the P@5000 performance results have illustrated. On average, the proposed method significantly 

outperforms CNNH and DNNH when measured in detail, achieving performance improvements of 4.81%, 4.95%, 

and 4.95%, respectively. Meanwhile, compared with DNNH, our method achieves better improvements in average 

performance with 2.32%, 2.07%, and 3.15% on MIRFlickr25K, MSCOCO, and NUSWIDE, respectively. However, 

our method performed better in mAP and P@5000 than SDH, the best deep hashing algorithm that uses a binary 

quantization function. In Fig. 6, we have also included some retrieval findings for the top 11 returned samples based 

on hamming ranking on the NUSWIDE, MIRFlickr25K. We can see if the recommended strategy produces better 

outcomes than the other options. On the NUSWIDE dataset, this illustrates the considerable performance of our 

technique, precisely the suggested method, which achieves superior retrieval results compared to other state-of-the-

art methods. The proposed approach could retain the image pair’s similarity better while still producing a 

discriminative hash code. 

 

 

 

 

Models Datasets 

MIRFLICKR-25K MSCOCO NUSWIDE 

8bits     12 bits         16 bits        32 
bits 

8 bits      12 bits       16 bits      32 bits 8bits       12 bits       16 bits     32 bits 

OUR 0.8701     0.8810     0.8740       0.871 0.8712    0.8696     0.8749      0.8803 0.7602    0.7795     0.7887      0.7989 

CNNH 0.8002      0.251     0.8321          0.8247 0.8075    0.8193     0.8345      0.8387 0.6993    0.7190     0.7285      0.7383 

DNNH 0.8260     0.8510     0.8675       0.8693 0.8395    0.8487     0.8591      0.8596 0.7451    0.7791     0.7869      0.7901 

Models Datasets 

MIRFLICKR-25K MSCOCO NUSWIDE 

8 bits    12 bits    16 bits     32 bits  8 bits    12 bits     16 bits     32 bits 8 bits    12 bits     16 bits     32 bits 

OUR 0.8901    0.8835     0.8792       0.8875 0.8186    0.8177     0.8182      0.8155 0.8252    0.8468     0.8493      0.8500 

CNNH 0.8085   0.8471     0.8467       0.8481 0.7951    0.7831     0.7835      0.7761 0.8003    0.8063     0.8115      0.8160 

DNNH 0.8310   0.8645     0.8765       0.8730 0.8024    0.8432     0.8362     0.8175 0.8300    0.8434     0.8520      0.8563 
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Fig. 6 Data retrieval results for the MirFlickr25K and NUSWIDE datasets. To the left of the table is a query image. On the 

right are the retrieval results for different competitive methods, listed in the middle column. 32-bit codes are used in all cases, 

and Hamming’s ranking determines the top 11 results. A red rectangle represents a wrong result . 
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Fig. 7  mAP and P@5K result on three datasets for different K’s for 60 bits-hashcode. 

Impact of parameter: A dimension K of the features space is considered with a single parameter in the proposed 

method. Using multi-dimensional linear search, we analyze the impact of the different datasets on (21, 22, 23, 24, 

25). In order to make the code length 60 bits, we fix log2K to be the least common multiplication to 60 bits. In Fig.7, 

the map results and P@5000  for image retrieval are based on the retrieval method system. For the MIRFlickr25K 

dataset, different K settings result in only a very slight performance impact. In contrast, it decreases when K is set 

to 2 on MSCOO. The setting of K for MIRFlickr25K and MSCOCO can be determined from Fig. 7, and for 

NUSWIDE, our setting can be determined from Fig. 7. 

6. Conclusion   

A CNN-based supervised deep hashing method is implemented in this article that aims to achieve high-quality bit 
binary code with efficient performance for image retrieval. Two different perspectives assessed the proposed 

method. In a single aspect, the simultaneous hash coding learning of feature representation makes the hash code fit 

with the features. Alternatively, our loss function forced the hashcode in order to similarity preservation of the 

original space. In the meantime, the quantization errors have been reduced, and hash bits have been allocated 

constantly. Experiments on three extensively used standard datasets have been performed to pour the proposed 

system exceeding the specific state-of-art algorithms.  
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