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Abstract—Near duplicate image identification needs the 

matching of somewhat altered images to the original 

image. This will help in the detection of forged images. A 

great deal of effort has been dedicated to visual 

applications that need efficient image similarity metrics 

and signature. Digital images can be easily edited and 

manipulated owing to the great functionality of image 

processing software. This leads to the challenge of 

matching somewhat altered images to their originals, 

which is referred as near duplicate image identification.  In 

this paper near duplicate images are matched using 

variable length signatures. These signatures are extracted 

from images using patch based approach. Similarity 

between two images is computed by comparing these 

signatures with help of earth mover’s distance.  

Keywords—near-duplicate images, near-duplicate image 

retrieval, SIFT,  near-duplicate image detection. 

I. INTRODUCTION 

Near-duplicate images are created by taking independent 

pictures of the identical object under various conditions 

in resolutions, illuminations, and others. Moreover, they 

can be generated by modifying the original images with 

the help of  some transformations such as image scaling 

and rotation. Consider basic flow of image matching 

technique. In image matching, image is represented to 

some feature spaces using suitable technique. Then 

some local or global features are extracted from image 

to represent them as vectors. These features are analyzed 

to compute the similarity between query image and 

reference database using different mathematical tools. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.1. Basic block diagram of image matching technique 

The widespread distribution of digital data and 

proliferation of digital images due to Internet has 

augmented problem related with copyright intrusion on 

digital images. Watermarking techniques have been 

introduced to protect copyrighted images. However 

watermarks are susceptible to geometric distortions and 

image processing and may not be very efficient. There 

are numerous applications of image matching algorithms 

that ranges from easy photogrammetry tasks like feature 

recognition to the development of 3D modeling 

software. Image matching and feature detection plays 

significant role in photogrammetry. Identifying near-

duplicate images plays vital role in numerous 

applications such as postal automation, copyright 

protection and others. Their application persists to 

increase in a various fields day by day. In the recent 

decades, this has been a very active area of research and 

as shown by the huge amount of documentation and 

work published around this. As requirements change and 

become more demanding, researchers are encouraged to 

develop novel technologies to accomplish these 

requirements.  

II. LITERATURE SURVEY 

Image Representation and Feature Extraction Liu and 

Yang [1] represented image using color difference 

histogram. They encoded the edge and color orientations 

of the image in a uniform framework. Cha et al. [2] 

proposed distance among sets of measurement values as 

a measure of dissimilarity of two histograms. This 

method considers three versions of the univariate 

histogram and their computational time complexities. It 

has benefits over conventional distance measures 

regarding the overlap among two distributions. It 

considers similarity of the non-overlapping parts plus 

that of overlapping parts. In order to represent image 

Kim [3] used ordinal measures of the discrete cosine 

transform coefficients. Aksoy and Haralick [4] 

represented an image using co-occurrence variances and 

line-angle-ratio statistics. Those were ordered into a 

feature vector of 28 dimensions. In [5], Meng et al. 

represented an image using 279D feature vector. 

Enhanced Dynamic Partial Function used to measure 

similarity. It adaptively activated a several number of 

features in a pairwise manner in order to accommodate 

the characteristics of every image pair. In some works 
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[6], [7], the vectorial representations were first 

embedded into binary codes. Here, main issue was to 

make sure the images that were alike in the original 

vector space should be compact in the binary code 

space. Regardless of the simplicity, representing an 

image by a single vector generally fails to handle the 

variations between the near-duplicate images. 

Dimension of the features has to be determined a priori, 

in spite of the characteristics of image. Furthermore, 

vectors are not good at modeling the relationships 

amongst different parts of the image.  

Chum et al. [8] represented an image based on its color 

histograms and then for fast retrieval used Locality 

Sensitive Hashing (LSH). Todorovic and Ahuja [9] 

employed tree of recursively embedded image regions to 

represent image. Tree was improved with new nodes 

generated by merging adjacent sibling nodes and 

producing directed acyclic graphs (DAGs). There are 

various advantages of using edge fragments or regions 

over interest points for image matching. The high 

dimensionality of regions makes them richer descriptors 

of target objects’ geometric properties including shape 

and size, and gray-level contrast (photometric property). 

The higher dimensional character of regions makes their 

matching more stable to viewpoint changes and small 

illumination across given images. According to the 

image characteristics number of keypoints per image 

differs. Descriptor is used to characterize a support 

region surrounding the keypoint. The most commonly 

used descriptors are PCA-SIFT [10], Shape Context 

[11], Gradient Location and Orientation Histogram 

(GLOH) [12], etc. Xu et al. [17] introduced two-stage 

method for near-duplicate image detection and retrieval. 

First image divided into overlapped and non-overlapped 

rectangle blocks over multiple levels. In the first 

matching stage, the distances among two blocks from 

the two images were calculated with the help of SIFT 

features. In the next stage, multiple block alignment 

hypotheses considering scale variations and both 

piecewise spatial shifts were proposed. However, 

drawback of this method lies in the block divisions 

which fall short to cope with image rotations.  

Zhao et al. [18] implemented PCA-SIFT and DOG for 

image representation. They used LIP-IS, for better 

nearest neighbor search. For matching one-to-one 

symmetric matching algorithm was proposed. It found to 

be highly reliable for near-duplicate keyframe 

identification. This is owing to its ability in excluding 

false LIP matches as compared with other matching 

strategies. The superiority of LIP-IS over LSH was 

verified from experiments. Nevertheless, both LIP-IS 

and LSH can not guarantee to locate the exact nearest 

neighbor. Chum et al. [19] used a visual vocabulary of 

vector quantized local feature descriptors. For retrieval 

employed enhanced min-Hash techniques. He 

implemented the bag-of-visual-words model for near-

duplicate shot and image detection. To achieve efficient 

detection in a large data set to attain better detection in a 

big data set. However, bag-of-visual-words model has 

drawback that spatial layout of the visual words is 

totally disregarded. This will introduce ambiguity while 

matching. In addition, clustering process hampers the 

discriminative power of the local descriptors [20].  

Sivic and Zisserman [21] represented image using the 

bag-of-visualwords model. A visual word vocabulary 

was learnt with the help of clustering local descriptors 

that are obtained from a training set. Then every 

descriptor from random image can be allocated to its 

nearest word in the vocabulary. Accordingly, an image 

can be characterized by a vector with every axis 

representing the occurrence statistics of the respective 

visual word in the image. There are some 

representations which are adapted to particular kinds of 

images, such as document images, face images and 

others. A renowned approach is to represent a face 

image using weighted sum of eigenfaces with the help of 

PCA [22].  

A.  Similarity computation 

In [1] similarity between two images was calculated 

with the help of enhanced Canberra distance. In [3] 

image similarity computed using L1 norm. Aksoy and 

Haralick [4] calculated similarity between images with 

the help of distances between feature vectors. According 

to their experiments, probabilistic similarity measures 

performed better in terms of precision and recall 

compared to the cases where the geometric measures 

were employed. It was better to consider the feature 

distributions while deriving similarity measures. Image 

similarity computed using Hamming distance within the 

binary codes in [6] and [7]. In [28] Earth Mover’s 

Distance was used for similarity computation which 

gives better results in case of variable-length signatures. 

In [31] Kang et al. formulated problem of image 

similarity computation in terms of sparse representation. 

Singha and Hemachandran [35] employed histogram 

intersection distance method for similarity measurement. 

For similarity computation Liu et al. [37], used Earth 

Mover’s distance was employed. 

III. METHODOLOGY 

B. Algorithm 1: Patch based variable length 

signatures 

We first generate patches from given image, based on 

which the image is represented by a variable-length 

signature. The length of signature is variable and depends 

on the number of patches in the image. Number of 

patches varies due to individual image characteristics. 
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Fig.2. Algorithm for patch based signature generation 

1. Image Representation 

1.1 Patch extraction 

Various methods can be used to represent an image 

based on characteristics like raw pixels, a keypoints and 

others. We exploit patches for image representation. A 

patch in the image is consists of pixels which are 

visually similar and spatially adjacent. The pixels which 

are similar in intensity and spatially adjacent are 

clustered, and then each resulting cluster is considered 

as a patch. Both spatial aspect and pixel intensity for 

patch extraction are taken into account. 

A pixel p’s K nearest intensity-similar neighbors in the 

image I are defined as a set 

 

Where, qig and pg  are the intensities of the pixels qi 

and p respectively. Threshold η governs their intensity 

difference. 

 

Given, 
k

p  we obtain the distance  which is 

defined as  

 

Where, d(•, •) measures the Euclidean distance between 

two pixels. For small 
k

pd   it is highly possible that the 

pixel p is densely surrounded by intensity-similar pixels. 

On the other hand, when 
k

pd  is large, it means that p is 

sparsely surrounded by intensity-similar pixels, under 

which context it is more probable to be an outlier. 

In order to achieve scale invariance distance 
k

pd  is 

further normalized as  

Where, with D defined as the maximum 
k

pd obtained 

from the image, i.e.    

1.2 Patch visual appearance (HAi) 

To illustrate patch visual appearance, good robustness to 

image illumination, orientation and scale variations is 

highly preferred. Patch visual appearance descriptor, 

Probabilistic Center-symmetric Local Binary Pattern 

(PCSLBP) which is an improvement of CSLBP is 

employed in this method. 

CSLBP: It encodes the center-symmetric intensity 

differences in a pixel’s local neighborhood. For given a 

pixel Pc its P neighbors that are evenly spaced around a 

circle of radius R centering on Pc are sampled, so the 

coordinates (xi, yi ) of the i th (0    i   P − 1) neighbor 

are given by 

 

 
Where (xc, yc) are the coordinates of pc. Denoting the 

intensities of the P neighbors as g0, g1, . . . , gP−1, the 

pixel pc is then encoded as  

 
 

With s(z) given as: 

 

Where, T is a predefined threshold. 

 Histogram:  Sampling P neighbors for a pixel, there will 

be a total number of 22

p

 different binary codes, each 

one represents a distinct micro-pattern. An image can be 

characterized by the distributions of the micro-patterns, 

a histogram of 22

p

 dimensions with each dimension 

counting the occurrences of the corresponding micro-

pattern in the image. 

Limitation of CSLBP: According to the definition of 

CSLBP two local neighborhoods will be considered as 

identical if they have the same CSLBP codes; otherwise, 

they will be regarded totally different. In this manner, it 

is not suitable particularly when the images are subject 

to variations, under which circumstance the local 

neighborhoods are likely to be distorted. 
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PCSLBP: this visual descriptor encodes the pixel 

intensity differences in a probabilistic manner. In spite 

of hard coding the intensity difference among two pixels 

as zero one it allocate a probability to characterize the 

difference. If the pixel intensity ranges from 0 to G, the 

pixel intensity difference will be in the interval of [−G, 

G]. Given a pixel intensity difference δ, we calculate its 

probability of being encoded as 1 and 0, which are 

denoted by Pr1(δ) and Pr0(δ) respectively.  

They are defined according to 

 

Where       is positive real number. 

From such a probabilistic perspective, the way to model 

micro-pattern distributions modified accordingly. In 

contrast to CSLBP, for which a local neighborhood 

contributes to only one histogram bin, each local 

neighborhood contributes to all the histogram bins in the 

proposed PCSLBP, with the magnitude of the 

contribution determined by the corresponding 

probability. Encoding pixel intensity differences in a 

probabilistic manner is preferred when compared with 

the hard coding employed in CSLBP. It is more 

informative about the intensity difference, with the 

larger (smaller) the difference, the higher the probability 

of being encoded as 1 (0). 

1.3 Patch Relationship (HRi) 

Beyond the patch visual appearance, we grab the 

relationships among the patches in the image. We 

compute the Euclidean distance between the gravity 

centers of two patches. The maximum distance among 

two patches in the image is quantized into L levels. Then 

a histogram HRi of L bins is associated with patch Oi, 

with the lth bin representing the number of patches in 

the image whose distances from Oi fall into the lth level.  

1.4  Patch Weight (ωi) 

We assign a weight ωi to each patch Oi in the image to 

indicate its contribution in identifying the image.  

Weight = size of patch/size of image 

It is defined to be proportional to the size of the patch, 

simply based on the assumption that the bigger a patch 

is, the more important it is for the image.  

 

1.5 Signature creation 

Overall, given an image composed of N patches, it is 

represented by a signature, S = {(HA1, HR1, ω1), (HA2, 

HR2, ω2), . . . , (HAN, HRN, ωN )}. So the length of the 

signature depends on the number of patches in the image 

Where, HAi describing the patch visual appearance, HRi 

patch relationship and ωi patch weight. 

1.6  Similarity measurement and matching score 

With each image represented by a signature, computing 

the similarity among two images transforms to the 

similarity computation among two signatures. Since the 

signature is of variable length, the commonly used 

similarity measures based on the fixed-dimension 

vectors are not applicable. Hence earth mover’s distance 

is employed for matching. 

Earth Mover’s Distance: It is defined to integrate two 

parts related with the distance in terms of patch visual 

appearance, i.e. D (  ) and patch relationship, i.e. 

D ( ) and is formulated as 

 

Where,        is Weighting coefficient 

C. Algorithm 2: Scale-invariant feature transform 

 

Fig.3. Algorithm for scale-invariant feature transform 

Employing local keypoint detectors and descriptors has 

become a popular option for image representation. 

Researchers have observed lot of image local descriptors 

and detectors which are extensively explored in several 




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applications. Invariant descriptors matching methods are 

more preferable under complex image deformations. 

The vital point based on descriptors approach is to get 

stable and unique feature descriptors. Scale-invariant 

feature transform performs reliable matching under 

rotation, illumination and scale, changes, so SIFT 

feature is greatly distinctive. The common practice is to 

first indentify some keypoints in the image using 

detectors such as Difference-of-Gaussian (DOG). The 

number of keypoints for each image changes in 

accordance with the image characteristics. Then a 

descriptor is used to characterize a support region 

around the keypoint. The most regularly employed 

descriptor is SIFT. 

Algorithm: 

1. Probable interest points that are invariant to scale 

and orientation are recognized using a difference-

of-Gaussian function 

2. Keypoints are selected based on measures of their 

stability 

3. One or more orientations are assigned to each 

keypoint location based on local image gradient 

directions 

4. The local image gradients are measured at the 

selected scale in the region about each keypoint  

Nevertheless in the case of retrieval, for every descriptor 

in the input image, its nearest neighbor in the images 

from the database should be identified. Since there are 

usually hundreds or thousands of keypoints per image 

the computational overhead is prohibitive especially 

when the size of the database grows. In that scenario 

SIFT descriptor of keypoints must be selected that are 

from the patch of an image which has highest weight. 

IV. RESULTS AND DISCUSSIONS 

D. Datasets  

In the image retrieval, there is generally a small query 

set and a large database, which is consists of relevant 

images with respect to the query plus irrelevant ones. 

The irrelevant images primarily serve as distractors. For 

every issued query, the relevant images in the database 

should be retrieved. 

Two data sets are employed in the current work, namely 

Columbia Near Duplicate Image Database and 

California-ND. 

Columbia Near Duplicate Image Database: It contains 

150 near-duplicate pairs (300 images) and 300 non-near-

duplicate images. California-ND: it is an annotated 

dataset for near-duplicate detection in personal photo 

collections. In order to learn some parameters involved 

in the current approach, data set is divided into two 

independent sets: test set, and training set each involving 

a query set and a database. 

E. Performance evaluation 

Precision-Recall (PR) curves: These are commonly used 

for performance evaluation in several retrieval systems. 

In information retrieval scenario precision is nothing but 

the he fraction of retrieved instances that are relevant, 

whereas recall is the fraction of related instances that are 

retrieved.  

Mean Average Precision (MAP): It is single-figure 

measure, which takes into account precisions across all 

recall. MAP and PR curves can be used for performance 

evaluation and comparison on the test sets and MAP can 

be used for parameter selection on the training sets. 

V. CONCLUSION 

Patch based image matching method shows good 

robustness to image scale and orientation invariance. 

The keypoints obtained using SIFT are useful owing to 

their distinctiveness, which facilitate the correct match 

for a keypoint to be chosen from a large database of 

other keypoints. Scale-invariant feature transform is 

invariant to image rotation and scale and robust across 

addition of noise, and change in illumination. 
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