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invariant texture feature extraction. Pun [7] proposed a 
texture based image retrieval system using polar transform 
followed by an adaptive row shift invariant wavelet packet 
transform. The image retrieval system introduced in Huang 
et al. [8] is based on the wavelet decomposition and gradient 
vector and uses a coarse feature descriptor and a fine feature 
descriptor with each image. Both descriptors are extracted 
from the wavelet coefficients of the original image. 

Color is one of the most reliable visual features and is 
independent of image size.  It is not sensitive to translation, 
rotation and scale changes. A color histogram is the most 
used method to extract color features that describes the 
global color distribution in an image but holds two 
shortcomings. They are unable to fully accommodate the 
spatial information and also not robust. Two dissimilar 
images with similar color distribution can produce similar 
histograms. Many researchers suggested the use of color 
correlogram for avoiding incompatibilities involving the 
spatial information. 

Shape is an important feature for perceptual object 
recognition and classification of images and object shape 
features can also provide powerful information for image 
retrieval, because usually humans can recognize objects 
solely from their shapes. Shape representation methods 
include Fourier descriptors, polygonal approximation, 
invariant moments, B-splines, deformable templates, and 
curvature scale space [9]. Shape techniques can be classified 
into two categories: region based and boundary based [10]. 
In region based techniques, all the pixels within a shape are 
taken into account to obtain the shape representation and 
often use moment descriptors such as geometrical moments, 
Zernike moments, pseudo-Zernike moments, and Legendre 
moments to describe shapes [11]. Boundary based shape 
methods are more popular in the literature and tend to be 
more efficient for handling shapes that are described by their 
object contours. The most common boundary based shape 
descriptors are chain codes, Fourier descriptors, wavelet 
descriptors, and contour displacement [12].  

The edges in images are an essential feature to represent 
their contents.  Also, human eyes are sensitive to edge 
features for image perception [13]. There is a descriptor for 
edge distribution in the image which is called Edge 
Histogram Descriptor (EHD). The Edge Histogram 
Descriptor is one of the descriptors specified by MPEG-7 
Visual Standard for measuring similarity in images [13]. An 
edge histogram in the image space represents the frequency 
and the directionality of the brightness changes in the image 
[13]. The Edge Histogram Descriptor can express only the 
local edge distribution in an image with a histogram. That is, 
since it is important to keep the size of the descriptor as 
compact as possible for efficient storage or transmission, the 
normative MPEG-7 edge histogram is designed to contain 
only 80 histogram bins describing the local edge distribution. 
These bins are the only standardized semantics for MPEG-7 
EHD. However, it may be insufficient to only use the local 
histogram bins for representing global features of the edge 
distribution. In order to improve its expressiveness, Won et 
al. [13] proposed the use of global and semi-global edge 
histograms generated directly from the local histogram. 

For extracting edge features, the different parts of the 
image must be processed separately, thereby consuming long 
time especially when processing high resolution images on 
large databases. So it is essential to investigate speed up 

techniques, satisfying time constraints for the various 
applications. Since EHD extraction is a data-parallel task 
described in following, it is expected to reduce execution 
time by using multi-core processors. To extract edge features 
for an image, the image is divided into 16 non-overlapping 
image blocks. Each image block is divided into several sub-
images as well, such that each sub-image is processed similar 
to other sub-images. So in each image block, the type of edge 
is recognized independently. In fact, the same instruction is 
executed by multiple processors using different data streams 
(SIMD). Consequently these processes can be performed in 
parallel. To accelerate feature extraction, multi-core 
processors can be useful, because of multiple thread 
execution of algorithms.  

 It is important to mention that one of the simplest ways 
for extraction of the color features in images is to use color 
moments. In this study, to extract the color features, some 
color moments including mean, standard deviation, and 
skewness are exploited. To extract these features, the image 
is first divided into small non-overlapping image blocks and 
then each image block is processed concurrently in parallel, 
motivating utilization of parallel processers/GPU for getting 
a better performance. 

GPU has been developed as a supplementary arithmetic 
device of image processing [14] and can be used to 
accelerate a wide range of applications. GPUs are well suited 
to arithmetic-intensive computation workloads that are 
highly data-parallel [15] and many researchers have already 
applied GPUs to implement many algorithms in various 
areas such as image processing, computational geometry, and 
scientific computation, as well as computer graphics [16]. 
Not all algorithms can be effectively implemented on the 
GPU. The GPU can only be faster than the CPU on 
numerical problems that are inherently parallel. Our work 
exploits extensive usage of highly multithreaded architecture 
of GPU using Compute Unified Device Architecture 
(CUDA). The main contributions of this paper are given in 
the following:  

- Both the Edge Histogram Descriptor and color moments 
are simultaneously used for more utilization of the features 
and compensation of their disadvantages. 

- With respect to the data-parallel nature of the mentioned 
methods, efficient parallel algorithms are proposed and 
implement on GPU using CUDA platforms.  

The rest of this paper is organized as follows. Section 2 
presents an overview of the GPU architecture used in this 
study. Section 3 illustrates the details of our new approach 
for the CBIR. Section 4 reports experimental results to 
evaluate the robustness and retrieval effectiveness of the 
proposed scheme and finally, conclusion and future work are 
given in Section 5. 
 

2. The GPU Architecture 
 
By increasing market demands for real time and high-
definition 3D graphics, improvements in GPU turned it into a 
highly parallel, multithreaded, many-core processor with 
tremendous computational power and very high memory 
bandwidth [17]. The potential of modern GPUs is a 
motivation to be applied by user for other data-parallel and 
intensive computations. General Purpose Graphics 
Processing Unit (GPGPU) [18] refers to the fact that the 
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GPU can be used as general purpose processor so that it is 
specialized for highly parallel and computationally intensive 
processes. To apply the parallel computing capability for 
solving many complex computational problems, NVIDIA 
Corporation introduced CUDA as a general purpose parallel 
computing architecture with a new parallel programming 
model and instruction set architecture. In fact, CUDA is an 
extended model of standard C language with specific 
extensions for parallel computing that allows the user to 
program own algorithms on the GPU easily. CUDA as a 
GPU programming model is supported by all the latest 
NVIDIA graphics hardware such as GeForce, Quadro-FX, 
Tesla, and ION.  

Figure 1 illustrates the architecture of a GPU. A GPU has 
a series of Multiprocessors (MP), and each multiprocessor 
has a number of Scalar Processors (SP). The memory bank of 
a MP can be accessed by all its SPs and a large global 
memory is shared across all the MPs [19]. A typical CUDA 
program consists of a host code and a device code, where 
CPU and GPU are the host and the device, respectively. The 
host performs the nonparallel computations and passes data 
to the global memory in the GPU and launches a kernel and 
data-parallel portions of an application are implemented as 
kernels. The kernel executes the computations using parallel 
threads on the SPs. The threads are grouped into blocks and 
blocks are grouped further into grids. A thread block is a 3, 2 
or 1-dimensional group of threads and also the grid consist of 
the blocks which are organized in 3, 2 or 1-dimensional 
manner. In fact the CUDA programming model organizes 
threads into a three-level hierarchy as shown in figure 2 
Threads within a block can cooperate among themselves by 
sharing data through shared memory and synchronize their 
execution to coordinate memory accesses. Threads in 
different blocks cannot cooperate. 

 

 
 

Figure 1. The NVIDIA GPU architecture 
 

The number of threads per block is constrained by the 
limited memory resources of a processor core. The 
multiprocessor partitions its thread blocks into groups of 32 
parallel threads called warps. When diverging a thread 
caused by data-dependent conditional branch, the warp 

including the thread executes each branch path serially. 
Consequently, the threads that are not on that path are 
disabled. However, after completing all paths, the threads 
converge back to the same execution path [17]. 
 

 
 

Figure 2. CUDA Software Architecture [20] 
 

3. The Proposed Image Retrieval 
Procedure 
 
In this section, we provide some information about the basic 
concepts of CBIR domain and proposed image retrieval 
procedure.  
 
3.1. The Basic Concepts of CBIR Systems 
 
An effective retrieval system is needed to retrieve the images 
by the visual features like color, shape and texture. CBIR is 
performed in two steps include indexing and searching. In 
the indexing step, features of the images are extracted and 
stored in feature vectors in the feature database. In the 
searching step, user query image feature vector is constructed 
and compared with all feature vectors in the database for 
similarity to retrieve the most similar images to the query 
image from the database [21]. In fact, the relevance 
comparison is performed by using some distance 
measurement technique, and the minimum or permissible 
distances are the metrics for the matched or similar images. 
figure 3 shows the architecture of CBIR systems. 
 
3.2. CBIR System Using the Fusion of Edge 
Histogram Descriptor and Color Moments 
 
In this section, Edge Histogram Descriptor and color 
moments, as two important features used for image retrieval 
are investigated. The procedure for generating local, global 
and semi-global edge histograms proposed by Won et al. 
[13] is also explained in details. 
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Figure 3. Architecture of CBIR systems 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Definition of sub-image and image block 
 

 
(a) vertical edge (b) horizontal edge (c) 45 degree edge (d) 135 degree edge (e) non-directional edge 

 

Figure 5. Five types of edges [13] 

 
3.2.1. Feature Extraction Using Edge 
Histogram Descriptors 
 
A given image is first divided into 16 sub-images (4×4), and 
local edge histograms are computed for each sub-image. To 
compute the edge histogram, each of the 16 sub-images is 
further subdivided into image-blocks as depicted in figure  4. 
To describe the sub-image, a histogram of edge distribution 
for each sub-image is created. As shown in figure 5, edges in 

the sub-images are classified into 5 types: vertical, 
horizontal, 45-degree diagonal, 135-degree diagonal and 
non-directional edges. Each local histogram includes 5 bins. 
Each bin corresponds to one of 5 edge types. Each histogram 
bin value should be normalized. For this purpose, the number 
of edges for each bin is divided by the total number of 
image-blocks in the sub-image. Each image-block is 
classified into one of the 5 types of edge blocks or a non-
edge block. 
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Where Local_A[i] represents the reconstructed value of 

Bin-Count[i] of image A. Similarly, Local_B[i] is the 
reconstructed value of Bin-Count[i] of image B. Global_A[] 
and Global_B[] represent the normalized bin values for the 
global edge histograms of image A and image B, 
respectively. Similarly, Semi_Global_A[] and Semi_Global 
_B[] represent the normalized histogram bin values for the 
semi-global edge histograms of image A and B, respectively. 
Since the number of bins of the global histogram is relatively 
smaller than that of local and semi-global histograms [13], a 
weighting factor of 5 is applied in (6). 
 
3.2.2. Feature Extraction Using Color Moments 
 
There are three important methods for image retrieval: 
extracting color, shape and texture futures. Utilization of 
color moments is one of much useful techniques in color 
based image retrieval. In this paper, we used color moments 
including mean, standard deviation, and skewness to extract 
color features. The sub-image is defined by dividing the 
image space into 4×4 non overlapping blocks. Thus, the 
image partition always yields small equal-sized sub-images 
regardless of the size of the original image. To characterize 
the sub-image, we then generate color moments for each sub-
image.  

The first-order (mean), the second (standard deviation), 
and the third-order (skewness) color moments have been 
proved to be efficient and effective in representing color 
distributions of images. If the value of the i-th color channel 
at the j-th image pixel is Pij, then the color moments are as 
follows. 
Moment 1: Mean 
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For color image, color moments are very compact 

representation features compared to other color features. 
When a query image is submitted for image retrieval, its 
color feature is extracted and matching operation is 
performed between query image features and the image 
features stored in database, then the closest results to the 
query image are retrieved from the database. 
 
3.3. Parallel Implementation Using CUDA 
 
As the image is two dimensional, execution of the kernel 
creates a two dimensional grid to efficiently map threads on 
the image pixels. Each thread has its own id, thus making it 
possible to assign a specific cell to each thread. In our 
problem, there are 16 blocks in the grid and also 64 threads 
in each block. The image contains 16 sub-images and the 
total number of image-blocks within the sub-image is set to 
64. In order to get this aim, grid dimensions  can be set to 
4×4 and block dimensions to 8×8. So for visual feature 
extraction, each sub-image is mapped to one block and each 
image-block is processed by one thread.  

Therefore edge type recognition and color feature 
extraction is performed in all image-blocks in parallel by 
CUDA threads. In fact, the kernel is responsible for edge 
detection and color feature extraction in the image-block. 
The image is an input arguments of the kernel and a data 
structure of features is the output. All the threads run the 
same kernel instructions but with different data. Thread 
position and image-block which should be processed by the 
thread can be determined by the blockIdx and threadIdx as: 
 

data_per_thread_x = image_height / 
(gridDim.x*blockDim.x); 

 
data_per_thread_y = image_width / 

(gridDim.y*blockDim.y); 
 

row_index = (blockIdx.x*blockDim.x + 
threadIdx.x)*data_per_thread_x; 

 
column_index = (blockIdx.y*blockDim.y + 

threadIdx.y)*data_per_thread_y; 
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Figure 8. Cluster of sub-images for semi-global histograms [13] 
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Where image_height and image_width are the horizontal 
and vertical image resolutions, and row_index, 
column_index are two indexes to the image matrix that 
specify the beginning of the image-block. Also, the grid 
dimensions are given by variables gridDim.x, gridDim.y and 
the block dimensions are given by variables blockDim.x, 
blockDim.y. The threads of each block compute the number 
of edge types and color features in a sub-image. When a 
thread specifies an edge, or computes color features, its 
relevant elements in the data structure of features is updated. 
Therfore, there are 16×64 parallel threads to process 16×64 
independent parts of the image. The threads are well 
organized, so that not only there is an efficient mapping 
between the thread blocks and the image parts, but also the 
number of threads in each block (64) is multiple of number 
of threads of warp (32). It means processing adjacent image 
parts by the same core. The following pseudo code describes 
the proposed strategy.  

1- The data structure of features is composed of two 
parts. One part is a two-dimensional array for edge features 
and another is a vector to store 9 color features including 
Mean, Standard deviation and Skewness, for the three 
components (red, green and blue) in each sub-image. The 
two-dimensional array has 80 columns (corresponding to 80 
local edges) and 64 rows for 64 threads in each block. 
Elements of the data structure of features are initially set to 
zero. 

2- The Grid dimensions and block dimensions are 
determined, so that there are 16×64 parallel threads to 
process 16×64 independent parts of the image.  

3- Query image is transmitted to the device memory and 
the kernel is called. 

3- Each thread processes its corresponding image-block 
and then updates its relevant elements in the data structure of 
features. In order to extract color and edge features, the 
image-block is processed as described in sub-sections 3.1 
and 3.2. 

4- The data structure of features is transmitted to the host 
memory. 

5- Local-query vector containing number of local edges is 
created by the two-dimensional array. For this, the elements 
of each column of the two-dimensional array which are 0 or 
1 (depending on the recognition of its corresponding thread) 
are summed up and resultants are stored in Local-query 
vector, containing 80 elements. 

6- The Global-query vector and Semi-global vector are 
created by means of Local-query vector as described in sub-
section 3.2. 

7- Now there are two feature vectors, one edge features 
(local, global and semi global) and another color features. 
These two vectors are used to determine most similar images 
based on the lowest difference of the elements of the vectors. 
This difference of two images A and B is calculated as: 
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Where, color features are applied by means of the three 
last summations. For simultaneous retrieval of different 
images, the query images are integrated in one array and then 
are transmitted to device memory 
 

 

 
 

Figure 9. Samples of MPEG-7 image database 
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hyperbolic graphs from high Precision, low Recall towards 
low Precision, high Recall values. 

We select all images from each class in the database to 
use them as queries to calculate the Precision and Recall. For 
each image, the Precision of the retrieval result is obtained 
by increasing the number of retrieved images. figure 11 (a) to 
(c) show the Precision-Recall graph for when the color 
feature, the edge histogram descriptor, and the fusion of 
color moments and edge histogram descriptor respectively 
extracted from images. In figure 11 (d), the average Precision 
and Recall curves of the proposed algorithm for different 
number of retrieved images is plotted. It can be seen from 
figure that the proposed algorithm achieved the best retrieval 
accuracy. In addition, for the presented method, the 
maximum average Precision of 100% at Recall value is 10%, 
and the Precision value decreases to 44.4367% at 100% of 
Recall. To evaluate our proposed system, we use each image 
in our database to be a query image and submit it to the 
system. We calculate the Precisions for each query in all 
classes. Then we take the average of all calculated Precisions 
as shown in table 1. Recall, Precision, Average Precision 

(AP) and Average Recall (AR) for the proposed method are 
in table 1. 

Content based retrieval method manages to find images 
similar to query image in database but with a drawback of a 
lot of time consumption. It is evident that the serial 
implementation on CPU does not need steps 2, 3, 5 and 6 as 
described in sub-section 3.3. We profiled the CPU 
implementation and found that from 78.4% to 88.3% of the 
execution time is spent on step 4 which is parallelized by the 
CUDA implementation. The ratio depends on the image size 
as shown in table 2. 

With larger image sizes, the portion is raised, since the 
number of pixels which must be processed is increased.  On 
the other hand, steps 1, 7 and 8, consume approximately a 
constant time (due to the equality of feature vectors for 
different image sizes). Consequently, as shown in table 3, the 
achieved speedup is increased with higher resolution images. 
table 3 also shows the execution times for varying sizes, 
using 2000 iterations. 
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Figure 11. The average precision/recall chart for (a) color based image retrieval system (b) edge histogram descriptor based 
image retrieval system (c) CBIR system using the fusion of color moments and edge histogram descriptor (d) the proposed 
system 
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