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Abstract 
Content-based visual information extraction is an area, which utilizes the computer vision 

methods for searching and indexing the images in image library more competently than manual 

annotations. Due to the exponentially increase in image database volume, there is a demand of 

efficient retrieval system. Deep learning-based machine vision systems have the ability to 

handle large amount of data efficiently than ordinary machine vision systems. This paper 

proposed a content-based image search system, which utilizes convolution neural network 

based deep learning model for multi-class content-based image search. The results show the 

superiority of convolution neural network model on multi-layer perceptron model. 
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INTRODUCTION 
Content-Based Visual Information Extraction 

(CBVIE) also referred as Content-based Image 
Search (CBIS) and Query by Visual 

Information (QBVI) is an application of image 
informatics, that is used to be automated 

labelling of image in image gallery. The word 
"Content-based" signifies that the retrieval 

process examines the visual information of the 

image instead of the metadata like keywords, 
identifiers, or details related with the image [1]. 

Content based image search systems have wide 
range of applications including medical image 

processing [2], biometrics [3], biodiversity 
informatics [4], digital libraries [5], e-

commerce [6], electronic retailing [7], product 
recognition [8] and many more. These days due 

to high availability of computational resources, 
deep learning based computer vision 

approaches have become an effective tool for 
CBIS. Deep learning is a part of machine 

learning domain. Deep learning is built upon 
both unsupervised and supervised learning 

approaches, which are based on Artificial 
Neural Network (ANN). Its architecture 

consists of multiple processing layers. Each 
layer produces nonlinear response, which is 

generated using the response of previous layer. 

Deep learning functions by imitating the human 

brain working for data processing and pattern 
creation. It uses a network, which is capable of 

learning from unsupervised data. Due to 
resemblance of this network with network of 

neurons in human brain, deep learning is also 
referred as deep neural learning or deep neural 

network [9]. This work utilizes the Convolution 
Neural Network Model (CNNM) for multi-

class content based image search. The proposed 

approach is compared with Multi-Layer 
Perceptron Model (MLPM). The performance 

metrics shows that CNN model is superior to 
MLP model. The paper is distributed into seven 

sections including introduction section. In the 
next two sections, literature review and 

machine learning models are presented. 
Subsequent sections present the information 

about used multi-class image dataset and 
discuss performance metrics. A separate section 

presents simulation results and lastly 
conclusion is discussed. 

 

LITERATURE REVIEW 
Researchers have offered wide range of 

schemes for content-based image search 
systems based on feature extraction methods. 

These features include colours, shapes, 
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textures, moments, wavelets, statistical 

measures and many more. Colour based 
retrieval schemes are the widely used methods 

since it is invariant to image orientation or size. 
Colour histogram is used to calculate the 

distance measure such as Euclidian distance 
based on colour likeness in these schemes [10]. 

Many researchers for CBIS also use the shape 
features. Most of the times, shape is represented 

by the boundaries or edges in image which 
identifies the abrupt intensity variation. Canny, 

Kirch, Sobel, Prewitt and Robert are the most 

usually applied edge detection techniques [11]. 
Texture plays a central role as features in image 

retrieval systems. The texture features are 
categorized into two categories namely 

structural and statistical [12]. In statistical 
texture features, moments of histogram such as 

mean (average), standard deviation, kurtosis, 
skewness and other higher order moments are 

calculated for image matching [13]. Other 
methods in texture based image search are gray 

level co-occurrence matrix [14], energy [15], 
Gabor features [16], and so forth. 

 
Multi-resolution transform based feature 

extraction schemes provides better 
performance for computer vision system that is 

proved by many researchers in last decade. 
Therefore, these approaches are extensively 

used for the texture classification in CBIS 

systems. Most commonly employed multi-
resolution analysis techniques include the 

wavelet [17], curvelet transform [18], ridgelet 
transform [19] and counterlet transform [20]. 

 
After successful feature extraction distance 

measures [21] or machine learning based 
classification model are used to identify the 

similarities. In machine learning models, the 
most common models are based on neural 

network [22], k-nearest neighbour [23], support 
vector machine [24] and clustering [25]. 

 

These days deep leaning based classification 

models are used due to higher efficiency. It 

consists of input layer, which is followed by 

several hidden layers and at the end, there is one 

output layer. Innermost layer aggregate features 

from all the previous layers. So inner-most 

layer identifies the most complex feature. Each 

layer includes multiple neurons. On receiving 

input, neuron performs a weighted addition 

over its input and activation function is applied 

over the input to produce the output. Neuron of 

each subsequent layer repeat the same process 

of assigning weighted addition and applying of 

activation function. Output of the last 

layer/output layer symbolizes the prediction of 

the model. To identify the correctness of the 

model, a loss function is used. Loss function 

calculates the difference between true value and 

predicted value. This difference is called error 

rate and it is back propagated to reduce the error 

at every layer. This process of learning the deep 

neural network is repeated until error rate goes 

below a desired value [26]. 

 

MACHINE LEARNING MODELS 
This work utilizes two machine-learning 

models namely Multi-Layer Perceptron (MLP) 

and deep learning based Convolution Neural 

Network (CNN) to carry out the content based 

image search. The models are discussed briefly 

in following subsections. 

 

Multi-Layer Perceptron 

A Multi-Layer Perceptron (MLP) is an artificial 

neural network has multiple neurons, arranged 

in multi-layers. This neural network model 

works on the principle of back-propagation 

learning procedure. A MLP has the capacity to 

learn nonlinear functions better than a 

perceptron that is able to learn only linear 

relationships in data [27]. This is first 

architecture that has with more than one layer. 

The layers are structured into three layers, 

which are referred as input, hidden and output 

layer. The input layer collects inputs and output 

layer is used to classify the inputs. The count of 

neurons in this layer in proportion of inputs 

receives by this layer. The middle layer i.e., 

hidden layer has varying number of neurons. 

This layer performs the mapping between input 

and output. It is proved in many applications 

that a single hidden layer with multiple neurons 

can establish impressible relationships [28]. 

The last layer produces the final output in terms 

of labels. The number of neurons in this layer 

are same as number of distinct classes in the 

data. This work uses MLP architecture with 

three traditional layers only. The number of 

neurons in input layer are 2352 and output are 

6, as the input is our 28 𝑥 28 𝑋3 image and the 

output is a 6x1 vector indicating the 6 classes. 
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The 500 neurons in the hidden layer are used. 

‘Adam’ optimizer is used that is an efficient 

variant of Gradient Descent Algorithm (GDA). 

Figure 1 displays the architecture of this 

network. 

 

Convolution Neural Network (CNN) Model 

Deep learning models are based on architecture 

of neural network. The term ‘Deep’ signifies 

the large number of hidden layers in the 

network. A standard neural network have 2 − 3 

layers while in deep network, it can go up to 

more than 𝑡ℎ𝑟𝑒𝑒 layers. It usages enormous set 

of labelled data to learn deep networks. 

Handcraft feature extraction is not required to 

learn these models [29]. 

 

A Convolutional Neural Network is one of the 

most noteworthy revolutions in the image 

processing domain. These classification models 

considerably better than customary machine 

learning methods and delivers the 

contemporary results. CNN is also termed as 

ConvNet model. It works on the principle of 

neural network that is based on feed-forward 

back propagation error. In recent times, 

outstanding accessibility of high computational 

power and enormous size of dataset, it is easy 

to use CNN classification models. It provides 

efficient performance in many image analysis 

applications. CNN learns valuable features 

straight from the learning images by the loss 

function optimization in contrast to the general 

machine learning schemes that need 

handcrafted features for training [30]. 

 

A CNN model principally consists of 

combination on one or more than convolutional 

layer, subsampling layer and dense layer [31], 

as displayed in Figure 2. 

 

Convolution Layers 

As the name proposes, the convolutional layer 

involves convolution as a basic building block. A 

convolution operation is performed to a region of 

an input image, transforming it into a single pixel 

after weighted sum. This process is repeated with 

every nonoverlapped region of image, to yield a 

new convolved image. The principle is that new 

values in the convolved image integrate 

information about the neighbouring pixels, hence 

reproducing how fine a feature is characterized in 

that particular area. 

 

Convolution operation has two key elements, 

size and stride. The size represents the filter size 

i.e., number of pixels to be considered in a 

region. The size of filter 3𝑥3 operates on 3𝑥3 

grids of pixels. The stride gives the gap between 

two regions. The stride 2, signifies the gap 

between two regions, where the convolution is 

performed.  

 

 
Fig. 1: Multi-Layer Perceptron Model for 

Multi-class Content-based Image Search 

System. 

 

 
Fig. 2: Architecture of Convolution Neural Network for Multi-class CBIS. 
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The size and stride of the convolution operation 

also regulates the size of the output image. For 

example, 3𝑥3 convolution with stride 1, 

converts a 5𝑥5 image to a 3𝑥3 image. It gives 

the grid of pixels over a weighted sum of the 

input pixels of region. 

 

Pooling Layers 

The pooling layers in CNN are used to decrease 

the spatial dimensions, without disturbing the 

depth. The main uses of pooling layer are 

• To increase the computation performance 

by reducing the spatial dimension. 

• To reduce the chances of over-fitting since 

reduced spatial information needs less 

learning parameters. 

• To achieve translation invariance. 

 

The widely used type of pooling is max 

pooling. A max pool layer with a size of 2𝑥2 

reduces the height and width of image by half 

by selecting the maximum value of 𝑓𝑜𝑢𝑟 input 

values. Other examples of pooling operations 

are minimum pooling and average pooling.’ 

 

Dense Layers 

The last layer of any CNN model is always a 

dense layer. The dense layer of the CNN does the 

classification part. It is also called as fully 

connected layers. The dense layer is generally 

used with a 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 or 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 activation 

function, for producing the result. Therefore, this 

layer predicts what a network has learned. 

 

Additionally, activation functions are placed in 

between or at the end of layers in CNN. The 

activation function is the nonlinear mapping that 

is applied on the input signal. This transformed 

output is then passed to the subsequent layer of 

model as input. The widely acceptable activation 

function is Rectified Linear Unit (ReLU). 

Statistically, it is expressed as 𝑦 =  𝑚𝑎𝑥(0, 𝑥). 

ReLU is linear for all positive inputs, and zero 

for all negative inputs. It has fast convergence 

than other activations.  

 

CNN model used in this content-based image 

search problem has 𝑡ℎ𝑟𝑒𝑒 convolutional layers. 

The size of first convolution layer is 64 − 3 𝑥 3, 

the 2nd convolution layer has size 128 − 3 𝑥 3 

and the final convolution layer has size 512 −
3 𝑥 3. A subsampling layer using max pooling 

follows all these three convolution layers. The 

size of these max pooling layers is 2 𝑥 2. The 

final layer of CNN model is a dense layer that 

has a 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 nonlinear activation function 

with 𝑠𝑖𝑥 units. These six units in last layer are 

essential for this six-class multi-classification 

problem. 

 

The model is compiled after design. The 

optimizer is the gradient descent algorithm based 

‘Adam’ optimizer and cross-entropy loss is used 

to calculate the prediction error rate. 

 

This optimizer uses backpropagation to update 

the weights of the neurons. It computes the 

derivative of the loss function regarding each 

weight and deducts it from the weight. A cross 

entropy loss function is utilized due to multi-

class nature of the problem. 

 

TRAINING AND TESTING DATASET 
A multi-class image dataset consisting of six 

classes is used in this work. This image dataset 

has total 3513 images with different number of 

images in the following six classes. Figure 3 

presents the example images for all the six 

categories [32]. 

 

Class I: Aeroplane (1074 samples); 

Class II: Car (451 samples);  

Class III: Background (526 samples); 

Class IV: Motorbikes (450 samples); 

Class V: leaves (186 samples);  

Class VI: Faces (826 samples). 

 

All the colour images are reshaped to size 

28𝑥28. After resizing all the images are 

normalized in range 0 to 1 after normalization. 

The motive for this transformation is simply that 

it is easier for the CNN to learn if the features 

values are not too large.  

 

PERFORMANCE EVALUATION AND 

RESULTS 
Following performance metric are measured to 

evaluate the efficiency of the CBIS classification 

model [33]. 

 

Precision (𝑷): Precision is calculated as:  

P = 𝑇+/(𝑇+ + 𝐹+) 

Recall (𝑹): Recall is defined as: 

R = 𝑇+/(𝑇+ + 𝐹−) 
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Case I: Class aeroplane 

     
Case II: Class car 

     
Case III: Class background 

     
Case IV: Class motorbike 

     
Case V: Class leaves 

     
Case VI: Class face 

Fig. 3: Sample Images from each Class of Dataset. 

 

F-Score (𝒇𝟏): this measurement is the weighted 

mean of 𝑃 and 𝑅. It is defined as:  

F = (2 ∗ P ∗ R)/(P + R) 

Accuracy: Accuracy is the overall perfection of 

the CBIS model. It is defined as: 

Accuracy = (𝑇+ + 𝑇−)/(𝑇+ + 𝑇− + 𝐹− + 𝐹+)  

Here the terms 𝑇+, 𝑇−, 𝐹+ and 𝐹− are True 

Positive, True Negative, False Positive and False 

Negative, respectively. 

In a Receiver Operating Characteristic (𝑅𝑂𝐶) 

plot, the True Positive Rate (𝑇𝑃𝑅) is plotted as 

function of the False Positive Rate (𝐹𝑃𝑅) for 

multiple thresholds. Individual point on the 

plotted curve indicates a 𝑇𝑃𝑅/𝐹𝑃𝑅 pair 

associated to a specific decision threshold [34]. 

The area covered by ROC curve (referred as 

AUC) measures ability of a parameter to 

separate two classes. 
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SIMULATION AND RESULTS 
ANALYSIS 
Two separate experiments are carried out to 
perform multi-class CBIS as discussed in 
following subsections. 
 
Experiment 1: Multi-Layer Perceptron for 
multi-class CBIS 
In this simulation, MLP model as discussed in 
the above section is used for multi-class CBIR. 
The extent of epochs represents the number of 
times the model is repeated through the data. 
The training of MLP model is iterated for 100 
epochs (steps). The image dataset divided 
intotraining and validation subsets. 70% and 
30% images are part of validation and training 
datasets, respectively. Therefore, 2459 images 
are in training dataset and rest images are in 
validation dataset. The complete image dataset 
is used as test set. Figures 4(𝑎) and 4(𝑏) plots 
the loss and accuracy for the training and 
validation data sets. It is evident from the 
curves that they are though nonlinear; however, 
it clarifies that the model is generalized well 
after learning. All the performance measures 
are provided in Table 1 individually for each 
class. The overall test loss and the test accuracy 

of the model are 0.048 and 0.94, respectively 
[35]. 
 
Experiment 2: Convolution Neural Network 
for Multi-class CBIS 
In this experiment, CNN model as discussed 
above is applied for content-based image 
search. 50 epochs are used for learning. The 
image dataset is parted into validation and 
training subsets. 70% and 30% images are the 
part of these two partitions. Therefore, 2459 
images are in training dataset and rest images 
are in validation dataset. Complete image 
dataset is used as test set. A drop out layer is 
also used after each convolution layer with 
parameter 0.2. Dropout enables a network to 
learn more strong features that are valuable in 
aggregation with many altered random subsets 
of the neurons. Figures 5(𝑎) and 5(𝑏) plot the 
loss and accuracy for both the subsets. It is 
evident from the curves that they are though 
nonlinear; however, it demonstrates that the 
trained model is generalized well. All the 
performance measures are provided in Table 2 
individually for each class. The overall test loss 
and the test accuracy of the model are 0.003 
and 0.99, respectively. 

 

  

 
Fig. 4: (a) Plots of Training and Validation Accuracies for Simulation with MLP Model (b) Plots of 

Training and Validation Losses for Simulation with MLP Model (c) ROC Plot. 

(a) (b) 

(c) 
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Table 1: Classification Results for Experiment 

with MLP. 

Table 2: CBIS Classification Results for 

Experiment with CNN. 
Classes/Metrics 𝒑 𝒓 𝒇𝟏 

Class Aeroplane 0.76 0.97 0.85 

Class Car 0.94 0.93 0.93 

Class Background 0.40 0.34 0.45 

Class Motorbikes 0.77 0.99 0.87 

Class Leaves 0.99 0.94 0.96 

Class Faces 0.87 0.97 0.92 

Average 0.76 0.86 0.79 
 

Classes/Metrics 𝒑 𝑹 𝒇𝟏 

Class Aeroplane 0.99 0.99 0.99 

Class Car 0.98 0.98 0.98 

Class Background 1.00 1.00 1.00 

Class Motorbikes 0.99 1.00 1.00 

Class Leaves 0.99 0.98 0.99 

Class Faces 1.00 0.99 0.99 

Average 0.99 0.99 0.99 
 

 

  

 
Fig. 5: (a) Plots of Validation and Training Accuracies for Simulation with CNN Model, (b) Plots of 

Training and Validation Losses for Simulation with CNN Model, (c) ROC Plot. 

 

It is evident from these results that the 

classification accuracy of CNN model is higher 

than the accuracy of multi-layer perceptron 

mode. ROC plots confirm the same. 

 

CONCLUSION 
In this work, two different machine-learning 

models are analysed for content-based image 

search system. A multi-class image database 

with six classes is used to evaluate the models. 

To compare the results performance metrics 

precision, recall and f-score are calculated and 

to further confirm these results ROC curves are 

plotted. It is obvious from these metrics and 

plots that performance of convolution neural 

network-based model is better than the 

performance of multi-layer perceptron model. 

This work can be stretched by introducing more 

classes in future. 
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