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Abstract 

This paper proposes an image retrieval using fused deep convolutional features to solve the semantic gap between low-level 
features and high-level semantic features of traditional contend-based image retrieval method. Firstly, the improved network 
architecture LeNet-L is obtained by improving convolutional neural network LeNet-5. Then, fusing two different deep 
convolutional features which are extracted by LeNet-5 and AlexNet. Finally, after the fusion, the similar image is obtained 
through comparing the similarity between the image being retrieved and the image in database by distance function. In Corel 
dataset, this method is compared with the single convolutional neural network extracted features for image retrieval method, it 
has a higher precision and recall. The results show that this method has a better retrieval accuracy. 
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1. Introduction 

Image feature selection and extraction has been a hot issue in the field of computer vision, and it is directly affect 
the effect of learning algorithm on image classification, retrieval and recognition. Early image retrieval technology is 
mainly based on text and contend-based. The text based image retrieval compares the text information on the image 
to retrieve information. But prior to retrieval, the image database is required to annotate the text information. It needs 
manual labelling, so more time-consuming, and there are human factors. Although later appeared in the technology 
of image automatic annotation, but the effect still cannot meet the needs of people. Content-based image retrieval 
uses low-level features such as color features, texture features, shape features etc. Because of the "semantic gap" 
between the low-level features and the visual features of the naked eye, it cannot extract the high-level semantic 
features that users expect to accurately describe the content of the image. Furthermore, with the rapid development 
of Internet technology and the advent of the era of big data, the picture become more and more complicated and 
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people's demand is getting higher and higher. the image retrieval based on text and content has been unable to meet 
the needs of users. 

The concept of deep learning is based on the study of artificial neural network. In 1998, LeCun et al1 proposed the 
concept of convolutional neural network, In 2006 Hinton2 et al posed a method of self-learning initialization 
parameters, and gradually optimizing to solve the problem of optimization deep learning model. Since then, deep 
learning has been developed rapidly and widely applicated in various fields, including natural language processing, 
speech recognition, computer vision, etc. At present, deep learning has developed a variety of frameworks, such as 
deep neural network, convolutional neural network3, pulse coupled neural network and deep belief network. 
According to the architecture and training method of deep neural network can be divided into three major categories4: 
generate deep architecture, the identification of deep architecture and mixed deep architecture. The convolutional 
neural network used in this paper is the identification of deep architecture. It is a kind of deep architecture of model 
classification by learning the different description features of different classes directly.  Convolutional neural 
network mainly consists of convolution layer, pooling layer and fully-connected layer, It is a kind of deep neural 
network with local connection and weight sharing, and feature mapping architecture using sigmoid function as the 
activation function, so the feature map has displacement robustness. Pooling layers not only can reduce the 
computational complexity of data and the spatial resolution of the input image, but also can make the neural network 
in the recognition of distortion has strong robustness to the input sample, so that CNNs can effectively extract more 
effective feature information. 

This paper is based on the study of the convolutional neural network, firstly, by optimizing the convolutional 
neural network proposes improved convolutional neural network model LeNet-L. Secondly, using the existing 
convolutional neural network AlexNet to extract the image feature information, and fusing the image features 
extracted by different convolutional neural network architecture to get the image feature information, finally 
comparing the similarity between the image and the image dataset through the distance function to obtain the similar 
images. 

2. Improved convolutional network architecture  

There are many kinds of architecture of neural network, such as DeepID5 network architecture which is applied to 
face recognition, LeNet-5 for the recognition of digital handwriting and ImageNet-2010 network architecture etc. 
Literature6 introduces some research on image retrieval in deep learning, in which three kinds of image retrieval 
methods were proposed based on pre-trained convolutional neural networks. In this paper, we use the first method 
that extracting image features by convolutional neural networks for image retrieval. Recently, there are a lot of 
researches 7,8 show that the convolutional neural networks can be used in image retrieval. 

2.1. Improved network architecture LeNet-L 

LeNet-5 convolutional neural network was originally used in the identification of digital handwriting, the input is 
the digital handwriting image with size of the 32*32, and the output category is 10. By calculation can get 16 feature 
map which is 5*5 in the last pooling layer9 S4 ,and 16*5*5=400 neurons need to be fully-connected with 120 
neurons. But this paper's experimental dataset uses Corel image dataset, the image's size is 384*256 or 256*384 in 
this dataset, so we will get 16 feature images those are 61*93 in the last pooling layer. That is 16*61*93=90768 
neurons. In consideration of the full connection between 90768 neurons in S4 layer and 120 neurons in C5 layer may 
lead to loss of image feature information in LeNet-5 network architecture.  

In this paper, experiment extracts fully-connected layer as the image low-level feature by training the neural 
network convolutional, and then realizes image retrieval based on Euclidean distance. According to the 
characteristics of the experimental image and the analysis of the experimental results, this paper proposes improved 
convolutional neural network LeNet-L, it adds fully-connected layer L-K(K represents the number of neurons 
increased layer)between pooling layer S4 and fully-connected C5. As a result, the improved convolutional network 
architecture is shown in Fig. 1. 
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In this study, Extracting image low-level feature by LeNet-L is a part of the image retrieval feature. The process 
of extracting the image features by the convolutional neural network is the continuous learning process of all the 
images in the image dataset and deep learning network architecture is process of extraction and abstraction layer by 
layer to the original image data. The high-level feature of deep learning network architecture is more abstract, more 
efficient semantic features10, it can be better able to express the information contained in the image. Therefore, this 
paper uses F6 layer image features information in Fig. 1 as part of the image retrieval feature. 

2.2. AlexNet  network  architecture 

AlexNet convolutional neural network3 was constructed by Alex Krizhevsky et al those are Hinton's student. 
AlexNet won the first prize in the ILSVRC 2012 competition, Top5 error rate of 15.3% in this competition. AlexNet 
success has greatly enhanced the enthusiasm of deep learning in various fields. AlexNet convolutional network 
architecture as shown in Fig. 2. 

 

Fig.2. AlexNet convolutional network architecture 

In Fig. 2, depth of AlexNet is deeper than LeNet-5, the architecture of AlexNet also has convolution layer, 
pooling layer, fully-connected layer. In addition, it uses more convolution kernel to extract more different aspects of 
feature information, but also brings more parameters and training time of neural network. Because the saturating 
nonlinearities11 are much slower than the non-saturating nonlinearity, in recent years, the activation function of the 
convolution neural network model mainly uses ReLU(rectified linear units)12,13, so the AlexNet model improved the 
convergence rate by using the non-saturating nonlinearity function ReLU. 

The process of extracting image features by convolutional neural network is study, extraction and abstraction the 
image layer by layer, the more the feature of the network architecture can be more abstract description of the image, 
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and so it will be more contribute to image retrieval. In AlexNet, it extracts the feature information of the Fc8 layer to 
participate in image retrieval. 

3. Experiments and analysis 

3.1. Dataset and experimental evaluation 

This paper's image dataset is Corel dataset, it contains 1000 images, image dataset includes 10 categories of 
savage, dinosaur, architecture, flowers, etc., and each class includes 100 pictures. 

For image retrieval have recall, precision, mean Average Precision and other evaluation. 
recall: 

/recall a b    (1) 

precision: 

si /preci on a c    (2) 

It means Average Precision:  

1 1 ( )ij
i p j qp q

mAP precision k
m m

   (3) 

a: the number of images that are similar to the image to be retrieved, b: the total number of images similar to the 
image to be retrieved, c: the number of images returned by the retrieval system, ijK

 
represents that the results of j-th 

image in i-th class as image to be retrieved. 

3.2. Experimental result analysis 

3.2.1. Parameter value 
In the LeNet-L network architecture, there is an increasing layer L-K to reduce the loss of image features 

information, the number of neurons in the L-K layer has a close relationship with the number of image feature loss. 
In this paper, experiment on different number of neurons {800,1000,1200,1400,1600,1800}K gets the 
mean average precision of corresponding. As shown in Fig. 3, when K=1400, no matter how much the number of 
retrieved images is returned, the mean average precision is higher than the other values. Therefore, the experiment 
selects K=1400 to train the neural network. Top 10 represents the number of similar images returned is 10. 
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Fig.3. the mean average precision with different K values 
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3.2.2. The mean average precision 
In this paper, it extracts the feature information of the image by two kinds of neural networks, and then fusing two 

kinds of features to retrieve image. In the LeNet-L convolutional neural network, fully-connected F6 is selected to 
extract the feature of the image, the output feature dimension is 84 dimensions, and feature data is less. In the 
AlexNet convolutional neural network, the Fc8 layer is selected to extract image features, the output of this layer is 
more feature information, and it is 1000 dimension, so it can achieve better retrieval results. 

Fc8 and F6 which are image high-level semantic features both are obtained by different of depth network, 
network architecture, size and number of convolution kernel, and they are also different feature of describing image. 
To fuse these two aspects image feature information (AL representation) can get more comprehensive, more 
effective and more accuracy information. 

Table 1. The comparison of the mean average precision for AL , Fc8 And F6  

 mAP(Top10) mAP(Top20) mAP(Top30) mAP(Top40) mAP(Top50) 
AL 0.9478 0.9256 0.9083 0.8935 0.8769
Fc8 0.9277 0.9032 0.8814 0.8635 0.8464
F6 0.7962 0.745 0.7103 0.6807 0.6552

 
As seen from Table 1, the retrieval effect after fusion is improved obviously. the mean average precision of AL is 

up to 2.01% - 3.05% than the deep convolutional feature Fc8. The depth of the convolutional neural network is 
deeper, the number of neurons is also more, which will also be able to better extract semantic features. Fc8 and F6 
are image feature information which are obtained by the deep convolutional neural network's learning and 
abstraction layer by layer. Deep learning has a strong learning ability and efficiency feature expression ability, 
reducing the impact of the "semantic gap". AL is the fusion of these two different kinds of neural networks to extract 
the semantic features, This makes the AL feature more effective and abstract, which can take into account the 
characteristics of many aspects of the image information. 

3.2.3. Recall 
In this paper, the image features of AL, Fc8 and F6 perform a recall experiment. Its results are shown in Fig. 4. It 

can be clearly observed from the figure: deep features AL after fusion has a better recall, than the Fc8 feature has 
been increased by 1% - 7%. Compared with Fc8 and F6, AL features include more comprehensive and effective 
image information, which is more conducive to the improvement of the recall rate. 

 

Fig.4. comparison of the recall for each feature 



754   Hailong Liu et al.  /  Procedia Computer Science   107  ( 2017 )  749 – 754 

4. Conclusion 

Through the analysis of the architecture of deep convolutional neural network, to improve the existing 
convolutional neural network model and fusing the image features extracted by the improved convolutional neural 
network and the deeper level of the convolutional neural network AlexNet for image retrieval. Compared with the 
method of image retrieval based on the features extracted from the architecture of two kinds of different 
convolutional neural networks, both the mean average precision and recall are improved greatly. Finally, the 
experimental results show that fusing two kinds of deep convolutional features to retrieve image is effective. 

Acknowledgements 

This project was supported by the Funding Project for Natural Science Foundation of China (Grant No. 61671070) 
and the Opening Project of Beijing Key Laboratory of Internet Culture and Digital Dissemination Research (Grant 
No.ICDD201608). 

References 

1.LeCun Y, Bottou L, Bengio Y, et al. Gradient-based learning applied to document recognition [J]. Proceedings of the IEEE, 1998,86( 11) : 
2278-2324. 

2.Hinton G E,Ruslan R S.Reducing the dimensionality of data with neural networks[J]. Science, 2006, 313(5786): 504-507. 
3.Krizhevsky A, Sutskever I, Hinton G E. ImageNet Classification with Deep Convolutional Neural Networks [J]. Advances in Neural 

Information Processing Systems, 2012, 25(2):2012. 
4.Zhiyuan Sun, Chengxiang Lu, Zhongzhi Shi, et al, Research and Advances on deep learning [J]. Computer Science, 2016,43(02):1-8. 
5.Sun Y, Wang X, Tang X. Deep Learning Face Representation from Predicting 10,000 Classes[C]// Computer Vision and Pattern 

Recognition(CVPR).IEEE,2014:1891-1898. 
6.Xie L, Wang J, Zhang B. Fine-Grained image search [J].IEEE Transactions on Multimedia, 2015,17(5):636-647. 
7.Babenko A, Slesarev A, Chigorin A, et al. Neural Codes for Image Retrieval[M]// Computer Vision ECCV 2014. Springer International 

Publishing, 2014:584-599.  
8.Donahue J, Jia Y, Vinyals O, et al. DeCAF: A Deep Convolutional Activation Feature for Generic Visual Recognition[J]. Computer Science, 

2013, 50(1):815-830. 
9.Bing Liu, Hong Zhang. Image retrieval algorithm based on convolutional neural network and manifold ranking[J].Journal of Computer 

Applications, 2016, 36(2):531-534,540. 
10.Qicai Zheng. Research on Image Retrieval Technology based on Deep Learning.[D]. Fujian Normal University,2015. 
11.Baocai Yin, Wentong Wang, Lichun Wang. Review of deep Learning [J]. Journal of Beijing University of Technology, 2015(01):48-59. 
12.Dahl G E, Sainath T N, Hinton G E. Improving deep neural networks for LVCSR using rectified linear units and dropout[C]// 2013:8609-8613. 
13.Glorot X, Bordes A, Bengio Y. Deep Sparse Rectifier Networks [J]. Learning/statistics & Optimisation, 2010. 


