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Abstract  
 

The evolution of multimedia technology and rapidly increasing image collections on the Internet has 
attracted significant research efforts in image retrieval. Difficulties faced by text-based image retrieval 
motivated the researchers to develop new solutions for representation and indexing of visual 
information. This paper proposes a content-based image retrieval using the significant use of 
Convolutional Neural Network (CNN) and Extreme Learning Machine (ELM) This proposed approach 
extracts various features and forms as feature vectors. Apart from these extracted features, CNN is 
used to extract the additional features and the ELM classifies the intermediate results. The proposed 
approach is experimented on COREL dataset and its performance is calculated using statistical 
parameters such as, the precision and recall. The statistical results show that the accuracy of the 
proposed system is 93.58%. The experiments result shows that the proposed method outperforms the 
existing methods by exhibiting significant performance improvement in terms of accuracy and 
efficiency. 
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Introduction 

Nowadays images are broadly utilized 
because of its visual representation advantage. 
Due to the rapid advancement of computers 
and networks, the transmission and storage 
capacity of ample number of images have 
become possible. In older days, the image 

retrieval was widely required instead of text 
retrieval. Content-Based Image Retrieval (CBIR) 
is a standout amongst the best methods for 
getting into visual information [1]. CBIR deals 
with image content, such as colour, shape and 
structure instead of annotated text. In order to 
implement CBIR, the framework needs to 
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comprehend and interpret the content of 
stored images. The retrieval index should be 
created automatically, which provides a more 
visual retrieval interface to users. The 
fundamental idea of CBIR is to analyse image 
information by low level features of an image 
[2] and to set up feature vectors of an image as 
its index. CBIR has exceptionally wide and 
essential applications in many areas including 
military affairs, medical science, education, 
architectural design, the justice department and 
agriculture, etc. The advancement of CBIR 
exploration was clearly summarized at high 
level in [2, 3]. Features are the basics for CBIR, 
for the whole image or locally for a small group 
of pixels. As per the techniques utilized for 
CBIR, features can be grouped into low-level 
features and high-level features. The most 
practical CBIR system depends on the colour, 
shape, texture and other low-level features. 
Some researchers aim at reducing the semantic 
gap between visual features and the richness of 
human semantics [4]. With a particular ultimate 
goal to derive the high-level semantic features 
for CBIR, object ontology [5] was used to 
characterize high-level concepts. Supervised or 
unsupervised learning methods were used to 
associate low-level features with the query 
concepts. Relevance feedback was introduced 
into the retrieval loop for learning user’s 
intentions and semantic templates; it was 
generated to support high-level image retrieval. 
As there is inconsistency in comprehension, the 
gap between semantics in the visual data for 
different is difficult to eliminate. 

 
Related Work 

Research on CBIR can be partitioned into two 
groups on the basis of the features used to 
retrieve the required image. Prior approaches 
utilized features such as shape, texture, colour 
and region to retrieve the required image. The 
current methodologies use a distinctive 

combination of visual features to retrieve the 
required image [1, 6]. The shape descriptor 
gives prevalent data in image retrieval because 
the shape is the main source through which 
people can perceive objects. These shape 
features are retrieved by two strategies, 
boundary-based shape feature and region-
based shape feature. The boundary-based 
shape feature extraction technique is based on 
the outer boundary of an object; while the 
region-based shape feature technique is based 
on the whole region of an image. The different 
techniques in view of texture features have 
been proposed in the literature. This includes 
both statistical and spectral approaches. The 
greater part of this strategy was not able to 
capture the required information. Colour is the 
most reliable feature; it is easier to implement 
and robustness to background compilation. It is 
not influenced by image size and its orientation. 

The most generally perceived methodology 

for color feature extraction is histogram. Color 

histogram illustrates its distribution in an image 

and it involves low computational cost. The 

main disadvantage of color histogram is, it 

cannot completely consider spatial information 

and it is not exclusive. In spite of utilizing 

extracted information from an image, the 

majority of the CBIR frameworks yield imprecise 

outcomes. The semantic gap is defined as to 

relate the low-level features with the high-level 

user semantics. The relevance feedback method 

was used to over-come this semantic gap [7]. In 

content-based image retrieval framework, a 

distinctive feature of the queried image is 

explored in search for equivalent image 

features in the database [8]. Frequently, it is 

observed that there is a semantic gap between 

visual features and the semantic content of an 

image. Extracting more effective image features 

can decrease this semantic gap; this is a 

challenging task in CBIR research. Moreover, 
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different machine learning techniques are used 

to reduce this semantic gap. In [9] SVM was 

utilized to extract image features and it 

retrieves the querying image efficiently. The 

hierarchical methodology [10] retrieves an 

image, where two separate features are 

explored to extract the contents and texture of 

an image. The proposed technique is also 

assessed over noisy images. 

In this paper, CNN and ELM are adopted for a 

faithful representation of images and extracts 

various complimentary information from an 

image. This information is used to retrieve 

images from the databases and evaluated using 

accuracy of the retrieved images. 

 
Proposed System 

The proposed methodology involves image 
database, query image, feature extraction and 
the extracted images. The image database used 
for the proposed approach is Corel dataset and 
it consists of different categories, namely like 
Africans, buses, dinosaurs, etc. The datasets 
were collected and fed as input to the feature 

extraction process. The pixel-based feature 
descriptors such as CNN and ELM are extracted 
and stored as a feature set. These extracted 
feature sets were compared to the existing 
feature sets and the efficiency of the proposed 
method calculated. 

Figure. 1 shows the architecture of content-
based image retrieval methodology using CNN 
and ELM. It can be seen from the figure that our 
network includes two stages, feature extraction 
and classification. The stage of feature 
extraction contains the convolutional layer, 
contrast normalization layer, and max pooling 
layer. The first convolutional layer consists of 96 
filters, and the size of its feature map is 56 ×56 
while its kernel size is 7 and the stride of the 
sliding window is 4. A single convolution layer is 
implemented after the two stages, and a full 
connection layer converts the feature maps into 
1-D vectors which is beneficial to the 
classification. Finally, the ELM structure is 
combined with the designed CNN model, and 
this architecture is used to classify the age and 
gender tasks. 

 
Figure 1The architecture of Content Based Image Retrieval using CNN and ELM Model 

Extreme Learning Machine Model 

ELM was first proposed by Huang et al. [21 - 23, 

24] which was used for the Single-Hidden-Layer 

Feed Forward Neural Networks (SLFNs). The 

input weights and hidden layer biases are 

randomly assigned at first, and then the training 
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datasets to determine the output weights that 

are combined. The basic structure of ELM is 

shown in Figure 2. 

 

Figure.2. The Structure of ELM 

 

ELM is not only widely used to process 

binary classification [25–28], but also used 

for multi-classification due to its good 

properties. As CNNs show excellent 

performance on extracting feature from the 

input images, which can reflect the important 

character attributes of the input images. 

Therefore, we can integrate the advantages of 

CNNs and ELM based on the analysis above, 

which means CNNs extract features from the 

input images while ELM classify the input 

feature vectors. 

 

 

Convolutional Layer 

In the convolutional layer, convolutions are 

performed between the previous layer and a 

series of filters, extract features from the input 

feature maps [29, 30]. After that, the outputs of 

the convolutions will add an additive bias and 

an element-wise non- linear activation function 

is applied on the front results. ReLU function is 

used as the nonlinear function in the 

experiment. 

 

In general, 
mn
ij denotes the value of a unit at 

position (m, n) in the jth feature map in the ith 

layer and it can be expressed as Eq. (1): 
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Where ijb represents the bias of this feature 

map while δ indexes over the set of the feature 
maps in the (i −1) th layer which are connected 

to this convolutional layer. pq
ijw  denotes the 

value at the position (p,q) of the kernel which is 
connected to the kth feature map and the height 
and width of the filter kernel are Pi and Qi. 

Contrast Normalization Layer 

The goal of the local contrast normalization 

layer is not only to enhance the local 

competitions between one neuron and its 

neighbours, but also to force features of 

different feature maps in the same spatial 

location to be computed [30]. In order to 

achieve the target, two normalization 

operations, i.e., subtractive and divisive, are 

performed. 

 

Max Pooling Layer 

The purpose of pooling strategy is to transform 

the joint feature representation into a novel, 

more useful one which keeps crucial 

information while discards irrelevant details. 

Each feature map in the sub sampling layer is 

getting by max pooling operations which are 

carried out on the corresponding feature map 

in convolutional layers [29]. Eq. (2) is the value 

of a unit at position (m,n) in the jth feature map 

in the ith layer or sub sampling layer after max 

pooling operation: 
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The max pooling operation generates position 

invariance over larger local regions and down 

samples the input feature maps. In this time, 

the numbers of feature maps in the sub 

sampling layer are 96 while the size of the filter 

is 3 and the stride of the sliding window is 2. 

The aim of max pooling action is to detect the 

maximum response of the generated feature 

maps while reduces the resolution of the 

feature map. Moreover, the pooling operation 

also offers built-in invariance to small shifts and 

distortions. 

ELM Classification Layer 

After the convolution and sub sampling 

operations, ELM is used to classify the 1-D 

vectors which are converted from feature maps. 

The ELM updates the output weights while 

input weights and hidden-layer biases are 

randomly set, thus we will randomly generate 

the input parameters and calculate the output 

weights during the training stage [26]. The 

whole process without iteration operation 

improves the neural network generalization 

ability. Figure 3 shows the output (containing 

2048 ×1 dimensionality) of full-connection layer 

is the input of ELM while the numbers of hidden 

nodes are variables. The connection between 

ELM and convolutional network is a critical 

process and we can see from Fig. 3 that our 

input of ELM is the output of the full connection 

layer whose preceding layer is a convolutional 

layer. Forward-propagation and back-

propagation operations are the principal parts 

in the architecture. 

Process of our CNN+ELM 

The steps are summarized as follows:  

Step 1: Tune the parameters of CNN during the 

training stage when the connection between 

convolutional layers and output labels is full 

connection layers.  

Step 2: Compute the hidden layer weights and 

cache the intermediate β matrices, meanwhile        

verify the accuracy of fine- tuned network.  

Step 3: Stop the training process and calculate 

the average of β.  

Step 4: Classify the unknown dataset using the 

architecture. 

In order to fine tune the network, the structure 

is trained for more than 10K iterations. This 

process is performed to tune the parameters of 

CNN and makes it own the ability of extracting 

discriminative features. 

Training Stage using Hybrid Structure 

The training stage not only tunes the 

parameters of convolutional layer, but also 

achieves the corresponding hidden layer 

weights of ELM. The feed-forward process of 

the architecture is as same as a plain CNN for 

every 1000 iterations, ELM layers, instead of full 

connection layers, will be invoked and 

corresponding hidden layer weights are 

calculated [29]. At the same time, intermediate 

results β matrices are stored in the memory for 

final average results. When ELM classifier works 

and the whole iterations continue, the system 

will adopt stochastic- tic gradient descent to 

tune the relevant parameters of the entire 

convolutional networks. During process of back 

propagation, the operations between 

convolutional layer and sub sampling layer or 

sub sampling layer and convolutional layer are 
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as same as a single convolution neural network. 

After that, the local gradient is computed in the 

full connection layer. Compared with a plain 

CNN, the proposed architecture transforms the 

feature maps into 1-D vectors in the process of 

forward propagation, so it is just needed to 

transform the local gradient in the input layer of 

ELM to convolutional layer. 

 

Evaluation Metrics 
The performance of the proposed CBIR 

framework is measured in three aspects, 
namely, efficiency, effectiveness and 
computational complexity. The effectiveness of 
a framework is related to the retrieval accuracy 
of the framework and is measured using the 
equation (5): 

i

i

T

R
Accuracy      -    (5) 

Where Ri is the number of relevant retrieved 
images, T is the total number of relevant images 
in the image database, and Ti is the total 
number of all retrieved images. The proposed 
system’s effectiveness is measured in terms of 
Average Recognition Rate (ARR). This is defined 
as the percentage of retrieved images in top 
matches that belongs to the same class as a 
query image. 
 

The image database used for the proposed 

approach is Corel dataset and it consists of 

different categories, namely like Africans, 

buses, dinosaurs, etc. The datasets 

 

Results and Discussions 

The tests are carried out on COREL photo 

database. The COREL database contains more 

than 5000 pictures organized in categories. 

Each category has about 100 images. There are 

50 categories and the corresponding database 

is composed of 5000 images. The results 

presented here are five categories directly 

extracted from the 50 categories. Figure 3 

shows that the images are taken from different 

categories in Corel database, such as African, 

buses, dinosaur, monuments and beaches, etc. 

The dinosaur image retrieved using the 

proposed methodology is shown in Figure 4. 

Table 1 shows the comparison of proposed 

method ‘s precision with the other existing 

methods. The accuracy of the proposed image 

retrieval method achieves on average 80.06%, 

wherein Lin et al [12] achieves 73.3%, Elalami 

[13] achieves 73.96%, Poursistani et al. [14] 

achieves 72.34%, Guo et al. [15] achieves 

76.5%, Subra et al [16] achieves 75.26, Walia et 

al. [17] achieves 66.2%, Irtaza et al. [18] 

achieves 73.00%, Elalami [19] achieves 75.8% 

and Zeng et al. [20] achieves 79.5%. The 

statistical results show that the accuracy of the 

proposed method is more than the existing 

methods, which implies that the proposed 

method retrieves more relevant images than 

the existing methods. The comparison of 

accuracy between the proposed and the other 

existing methods is shown in Figure 5. 

 

 

Table 1. Comparison of proposed method precision with other method’s precision metric 
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Method/ 
Images 
 

Lin et 
al. 
[12] 

Elalami 
[13] 

Poursistani 
et al. [14] 

Guo 
et al. 
[15] 

Subra 
et al. 
[16] 

Walia 
et al. 
[17] 

Irtaza 
et al. 
[18] 

Elalami 
[19] 

Zeng 
et al. 
[20] 
 

Anto 
et al. 
[31] 
 

Proposed 

Africa 68.30 70.30 70.20 84.70 69.75 51.00 65.00 72.60 72.50 73.30 75.23 

Buses 88.80 87.60 76.30 85.30 89.65 78.00 85.00 89.10 89.20 90.05 92.59 

Dinosaurs 99.25 98.70 100.00 99.30 98.70 100.00 93.00 99.30 100.00 99.35 99.68 

Monuments 56.15 57.10 70.80 67.80 63.95 58.00 62.00 58.70 70.60 73.25 78.64 

Beaches 54.00 56.10 44.40 45.40 54.25 44.00 60.00 59.30 65.20 64.35 68.89 

Figure 3 Image Datasets used from Corel database a) African dataset b) Buses c) Dinosaur d) 

Monuments and e) Beaches 
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Figure 4 Results of proposed Content Based Image Retrieval on Dinosaur dataset using CNN and ELM 

Figure 5 Comparison of proposed approach accuracy with the other method’s accuracy for different 

semantic classes in the COREL database. 
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The observation from statistics shows that 

accuracy of the proposed method is higher than 

the existing methods and this indicates that the 

proposed method retrieves more relevant 

images from the image database. 

 

Conclusion 

This study proposes a content-based image 

retrieval using CNN and ELM feature 

descriptors. There is a significant difference 

between the proposed image retrieval 

performance and other existing method’s 

performance. The study is experimented on 

COREL dataset and its retrieval performance is 

evaluated using accuracy. This research 

discloses the effectiveness of ELM feature 

descriptors and suggests that the proposed 

model can be useful in retrieving relevant 

images. The statistical results show that the 

accuracy of the proposed approach is 80.06%. 

The comparative study shows that the 

proposed content-based image retrieval 

method proves its feature extraction capability 

than the other image retrieval methods. The 

future enhancement will be a design of 

improving the system and utilizing the same to 

predict crime prevention, medical diagnosis, 

intellectual property and textile industry. 
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