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Abstract 
 

Local patterns are effective in different machine vision problems such as pedestrian identification, lane categorization, face recognition, 

retrieving required image etc., Various local patterns are introduced by the researchers in order improve the efficiency, however these 

local pattern operates on a fixed pixels that are predetermined and are same for all the images. The features thus extracted from these 

predetermined pixels are limited. In this paper a novel technique called nonlinear local contourlet energy pattern (NLCEP) is introduced 

which extracts the local pattern from the pixels that are selected dynamically in run time which will vary with the images. Also to im-

prove the feature robustness the features are extracted in Contourlet domain instead of the spatial domain. With this approach the domi-

nant image features like lines/curves are better represented by the NLCEP and its features are effectively used in image retrieval system. 

The performance of this method is validated by doing different experiments with the standard available databases (viz Corel 1K, Corel 

10K and Brodatz). The test results with different experiments shows that the proposed approach provides better performance for image 

retrieval applications. 
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1. Introduction 

CBIR, retrieval of images based on its content is the right solution 

for the image retrieval problem and is used in different areas im-

age processing application. Some of them are: e-commerce for 

getting the required commodities, satellite imaging for analyzing 

the required images, grouping the images based on person's identi-

ty and so on. In contrast to other image retrieval techniques, CBIR 

works on the features that are extracted from visual objects to 

retrieve the image of interest. The visual objects are represented as 

descriptor such as contours, shape, texture, binary patterns etc. 

The effectiveness of the image retrieval depends on the amount of 

unique information captured by the features from an image. In 

general spatial domain and transform domain techniques are the 

two different feature extraction techniques used in image retrieval 

applications. Spatial technique uses the image intensity values to 

extract the descriptors and the transform domain technique use the 

transform coefficients to extract the descriptors. 

The features that are extracted in spatial domain are most com-

monly used in time critical applications due to its simplicity, but it 

is less accurate and easily affected by the disturbances like light-

ning and noise. Some features that uses image gray scale values 

directly are local binary pattern [1], [2], gray level Co-occurrence 

[3], image gradient [4] and so on.  However the performance of 

the transform domain features are much better compared to spatial 

features but at the cost of complexity. With very high powerful 

CPU processors in the market, researchers are focussing now more 

on the performance rather than the system complexity.  The image 

features are extracted from different image transforms like Fourier 

[5], DCT [6], Wavelet [7], Ridgelet [8], contourlet [9], shearlet 

[10], [11] and so on. The major factor that decides the efficiency 

of transform domain features is the representation of image lines 

and curves by image transform and also the performance of the 

features that are derived from it. Statistical features generally in-

clude the overall image variations into the feature vectors [12], 

[13]. Good amount of work in going on recently for using the 

local transformed coefficients such as wavelet based LWP [14], 

energy based on Shearlet bands[15], local patterns based on DCT 

[16] etc.  

Recently local patterns are used by different researchers and are 

successful in many machine vision problems such as CBIR [17], 

facial identification [18], fingerprint detection [19], texture identi-

fication [20], classification of person into female and male [21], 

analysis of paralysis on face [22], examination of medical images 

[23], finding the malformation in mammogram images [24] etc. 

Lot of works were done to increase the efficiency of LBP in the 

spatial domain such as ternary pattern (LTP) [25], Completed 

LBPs [26], Dominant LBPs [27], Local Quantised Extrema Qui-

nary Pattern (LQEQryP) [28] and so on. To improve the robust-

ness, transformed coefficients are used to extract local features 

rather than image intensity values. 

1.1. Related works 

 Timo Ahonen et al introduced the local Fourier based histogram 

[29] in which the local pattern is derived after transforming image 

using the discrete Fourier transform to make the feature vector 

rotation invariant. Shiv Ram et al, extracted the local pattern in 

wavelet domain by using the correlation of local neighbours with 

the center pixel and are used for retrieving the computer tomogra-

phy (CT) medical images. Maryam et al., [30] used LBP with 

stationary wavelet transform Directional to identify the human 

action. Lijian Zhou et al [31] combine the curvelet transform fea-

tures with LBP using the method of local property preservation 

and used this feature for face recognition to improve the perfor-
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mance of the system. To make face recognition as expression 

invariant Hemprasad et al [32] fused the LBP features with the 

features extracted from contourlet coefficients to produce more 

robust feature vector. Jiangping et al extracts the local features 

from Shearlet coefficients [33] for the design of rotation insensi-

tive classification system by decomposing the image using shear-

lets and constructing the local features using the shearlet coeffi-

cients which is again encoded to make them insensitive to rota-

tion. 

Most of these local feature extraction methods depend on the di-

rections or gradients derived/calculated from set of image pixels 

over the neighborhood and the location of the pixels are static or 

same for all the images. Here, a modified nonlinear local approach 

based on contourlet transform is introduced for CBIR where local 

contourlet features are extracted from the contourlet coefficients 

that are dynamically picked and will vary with the images. The 

contourlet coefficients are selected that gives smoothness over the 

contours of the local region and the features are derived using 

these coefficients. This method represents the contour smoothness 

and curves more accurately that are one of the important image 

characteristics. This new method is evaluated by using the stand-

ard databases and the experimental results show the improvement 

in retrieval performance when compared with the existing tech-

niques. 

Following sessions are organized as follows; Section 2 discusses 

the motivation and modeling of the proposed nonlinear local con-

tourlet energy pattern. The CBIR system based on the new local 

contourlet features is given in Section 3 and the performance eval-

uation of the proposed technique is presented in section 4. 

2. Nonlinear local contourlet energy pattern 

2.1. Motivation 

Despite the fact that the existing local patterns are attractive, it has 

its own limitations 

1) It fails to capture the global image variations 

2) Spatial features are always more prone to external noise 

3) The information captured by the feature vectors is limited as 

local patterns work on the predefined set of pixels 

To overcome these limitations, nonlinear contourlet local pattern 

is proposed that uses contourlet transform to develop a nonlinear 

local binary pattern. Contourlet transform is used in this approach 

to capture more global information and also less prone to external 

disturbances. Also, since the local pattern is formed in a non-

uniform way, it will have more image features compared to the 

other conventional local pattern techniques. 

2.2. Modelling 

The main goal of the non-linear local contourlet energy pattern is 

to identify and catch the local nonlinear image structures such as 

contours to improve the feature efficiency. Assume that the pixel 

under consideration is on the contourlet curve, then the contour 

smoothness can be extracted by navigating over its smoothness 

and the path of the navigation will be determined by the neigh-

bouring contourlet coefficients. Let I the image under considera-

tion and I(i,j) be the image pixel that are used to derive the local 

pattern, then the direction of the path can be determined by navi-

gating over the direction with least contourlet energy variance in 

all possible directions as shown in Fig 1. The bold line shows the 

navigation path with least contourlet energy variance when over 

its neighbours.  

For the input image I, let Cd
i  be the contourlet transformed sub-

image at direction d and scale i. Assume the point of interest on 

the navigation path for extracting the pattern in contourlet domain 

is Cd
i (x, y) the direction of path can be found by navigating to-

wards the point with least contourlet energy difference.   

 
Fig. 1: Traversing over the curve. 

 

The contourlet energy at a point in the given scale is calculated as 

shown in Fig 2 and is given by  

Energy Ei(x, y) = √∑ |Cp
i (x, y)|

2d
p=1                                             (1) 

 

Where Ei(x, y) is the contourlet energy at (x, y) of scale i.  

 

 
Fig. 2: Energy at a Contourlet Point. 

 

In contrast to the other local technique, the center pixel for esti-

mating the curve direction by NLCEP is picked dynamically for 

each symbol and an eight symbol pattern is derived for each point 

in the curve as in the Fig 1. For a point (xc, yc) on the curve the 

non-linear contourlet pattern is defined as 

 

NLCEP(xc, yc) =  ∑ DR(Ck)SkL−1
k=0                                                 (2) 

 

where L is the curve length that is used to derive the NLCEP pat-

tern, S is the number of unique symbols in NLCEP, Ck is the cen-

ter pixel used for deriving the kth symbol and DR(k) is the unique 

number that are assigned to each directions on the navigation path. 

The center pixel Ck will vary for each symbol and the next center 

pixel is chosen as given below. 

 

Ck+1 =  Ck|{ min(abs(Ek−En))},    n=0 to N−1                                       (3) 

 

Where, Ekis the contourlet energy of kth pixel, Enis the contourlet 

energy of the neighbouring pixels and N is the total number of 

neighbours. The direction number DR(p) is formed by considering 

all the possible directions that the path can navigate. Here since 

the pixels over 3x3 neighbours are considered there will be eight 

different directions the path can navigate and is given by the eqn 

(4) 

 

DN(p) =  n ; min of(Ep − En) for n = o to N − 1                      (4) 
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With length of curve as eight and eight unique symbols for each 

point there will be 88 = 16777216 unique bins in the local pat-

tern. To handle this large number of bins, the eight directions are 

divided into two four directions as in Fig. 3 so that there will be 

48 = 65536 bins in each four directions and the total of 131072 

bins in the local pattern. 

 

 
Fig. 3: Eight Directions into Two Four Directions. 

 

To reduce the bins further local tetra pattern [34] is used to repre-

sent directions. Consider that there are four unique symbols (1 to 4) 

for a pixel of interest (xc, yc), then the nonlinear local contourlet 

pattern is defined as 

 

𝑁𝐿𝐶𝐸𝑃𝑘(𝑥𝑐 , 𝑦𝑐) =  ∑ 𝐷𝑅(𝐶𝑙)𝑆𝑙𝐿/2−1
𝑙=0                                            (5) 

 

Here k represents the number of four-directions and can be either 

zero or one. With this the input image is split into two tetra pat-

terns and the equivalent binary representation can be formed using 

[33] so that there will be 12 x 256 x 2 = 6144 features. The fea-

tures can be reduced by using the uniform patterns proposed in 

[35]. With this approach the number of patterns can be reduced by 

considering only the uniform symbols. Uniform symbols are the 

one with minimum transition between ones and zeros and the tran-

sition should be less than or equal to two. Hence for 3 x 3 neigh-

bours the number of bins can be reduced from 256 to 58 and add-

ing one bin for non-uniform symbols making the bins count to 

59.with this method the number of bins in nonlinear local contour-

let energy pattern is reduced to 12 x 59 x 2 = 1416 features. 

Histogram is one of the effective features that can be derived from 

the nonlinear local contourlet energy pattern. Assume 𝑁𝐿𝐶𝐸𝑃(𝑖, 𝑗) 

be the nonlinear local contourlet energy pattern, then the histo-

gram feature is given by 

 

𝑁𝐻𝑖𝑠𝑡𝑖(𝑘) = ∑ ∑ 𝛿(NLCEPi(i, j) − k)𝑁−1
𝑗=0

𝑀−1
𝑖=0                             (6) 

 

Here M and N are the image size,  k =  1 to 59 and δ(k) is given 

by   

 

δ(k) =  {
1 ; k = 0
0 ; k ≠ 0

                                                                          (7) 

 

The output of the contourlet feature system will be 12 pairs of 

histogram with each of size 59 bins as shown in Fig 4. 

 

 
Fig. 4: Input and Output of NLCEP Feature System. 

2.3. Advantages of NLCEP 

The positive side of NLCEP over the similar techniques are. 

1) Conventional methods extract the local patterns from the 

constant pixel locations which do not vary with images that 

capture only the local image discontinuities whereas it fails 

to capture the global image features. In contrast NLCEP de-

rive the pattern using the pixels that are selected in runtime 

which helps to represent the image features more effectively. 

Also the contour smoothness can be more precisely repre-

sented by contourlet transform that helps NLCEP to boost 

its performance. 

2) Conventional local pattern techniques capture the local fea-

tures using the gradients that are derived directly from the 

image intensity values can be easily disturbed by the exter-

nal noise. Also, it considers only the gradient across the 

edges not the smoothness over the edges. Contourlet direc-

tions overcome these two limitations: it is less disturbed by 

external noise and also it captures the smoothness over the 

edges or contours. This makes NLCEP features better for 

image retrieval applications. 

3. NCLEP based CBIR system 

Feature extraction of CBIR system will happen both in training 

and classification/retrieval.  In training phase, the NLCEP features 

are derived from the images available in the database and are 

stored with proper indexing. The number of features extracted 

from an image plays a key role in the size and complexity of the 

database; hence it is required to keep the minimum number of 

features for better design of the image retrieval system. In retrieval 

stage, the query image will be given input to the system and the 

NLCEP features are extracted from the query image. The images 

whose NLCEP feature matches closely with the query image will 

be retrieved and will be given as output from the CBIR system.  

Fig. 5 shows NLCEP based CBIR system. Following are the steps 

that are used by this system. 

1) Feed the query image; convert to single plane if the input is 

colour with three planes. 

2) Perform contourlet decomposition on the query image 

3) Estimate the contourlet energy from different directions as 

in eqn. (1) 

4) Form the two four directional nonlinear contourlet pattern 

5) Apply the feature optimization technique 

6) Calculate the image histogram of the nonlinear contourlet 

pattern 

7) Combine the NLCEP from different directions. 

8) Measure the distance of NLCEP features of query image 

with the database images. 

9) Get the best M nearest image from the database which is 

close to the query image. 

 

Assume the size of the NLCEP features be B, R be the NLCEP 

feature of the input query image and Ti be the NLCEP features of 

the images that are in database, where i is the image index in data-

base. To retrieve the top M best image from the database that is 

close to the query image chi square distance [36] is used as in eqn. 

(8), 

 

χi
2(R, T) =  ∑

(Rb−Tib)2

Rb+Tib

B
b=1                                                              (8) 

 

Chi square distance helps to compare the two histograms effec-

tively and also helps to retrieve the top M best images from the 

database.  
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Fig. 5: NLCEP Based CBIR System. 

 

4. Performance evaluation 

Three standard image databases that are freely available are used 

in this work to measure the performance of the proposed method. 

The databases are 1000 images from Corel-1K [37], 10,000 imag-

es from Corel-10K [38] and 112 texture images from Brodatz [39]. 

The images from databases are grouped into multiple categories 

and are used for different tests. For test-1, database is created us-

ing the datasets in [37] that contain thousand pictures and are 

grouped into different categories based on their characteristics. 

The images in Corel1K database is already arranged in sequential 

order so that each 100 images belong to a certain category. For 

Test-2, database is created using the images from datasets in [38] 

that contain ten thousand pictures and are already grouped into 

different categories. For Test 3, images are used from the datasets 

in [39] that contain 112 texture classes. The images are sub divid-

ed into 128 x 128 and 256 x 256 half overlapped areas so that the 

total of 6608 (59 x 112) images in the database. The consolidated 

details of the test datasets used for the experiment are listed in the 

Table-1. 

 
Table 1: Datasets for Test 

Sl 
No 

DATASET Category 
No. of image per 
category 

Image per 
database 

1 Corel1K 10 100 1000 

2 Corel10K 80 Differ 10000 

3 Brodatz 112 59 6608 

 

Three different tests were done on various datasets and best 

matched M images are retrieved from the datasets and five differ-

ent tests we done with M = 10 to 50 in steps of 10. The NLCEP 

features are derived from the input query image and are matched 

with the NLCEP features in the database using the chi square dis-

tance as in eqn (8). The performance of NLCEP is validated using 

Average Retrieval Precision (ARP) and Average Retrieval Rate 

(ARR) and is given as in eqn (9). 

 

ARP =  
Precision

N
   &   ARR =

Recall

N
     

 

Precision =  
#SR

#TR
   &  Recall =   

#SR

#NQ
                                            (9) 

 

Where N is the total number of retrieval happened, #SR number of 

successful retrieval, #TR Target output images and #NQ number 

of query class images. To compare the retrieval results of NLCEP 

Local Tetra Pattern [34], Bag of filters [40] and Wavelet pattern 

[41] were used. 

4.1. Experiment-1: corel 1k database (natural images) 

 

Table 2: Retrieval Performance (ARP) with Dataset-1 

Techniques 
Target output images (N) 

10 20 30 40 50 

NLCEP 80.8 75.1 71.2 66.8 60.5 

BOF-LBP 72.8 69.3 63.9 58.5 55.3 

DBWP 69.8 64.2 60.2 57.6 53.2 

LTrP 66.5 62 57.3 54.7 50.2 

 
(A) 

 
 

(B) 

 
Fig. 6: Retrieval Efficiency for Dataset – 1 (A) ARP (%) and (B) ARR 
(%). 

 

First experiment uses the datasets from Corel 1K that contain im-

ages from ten different classes. The retrieval performance with 

dataset-1 is listed in Table – 2 for different target output images. 

Here five different tests are done with different target output im-

ages ranging from ten to fifty in steps of ten. From the table it is 

quite clear that the performance with NLCEP is better than other 

equivalent methods. The average increase in ARP for NLCEP is 

12.74%, 9.86% and 6.9% respectively when compared with LTrP, 

DBWP and BOF-LBP.  Fig. 6 (a) and (b) gives the retrieval effi-
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ciency using ARP and ARR respectively for different target output 

images. 

4.2. Experiment-2: corel 10k database (natural images) 

Experiment-2 uses the datasets from Corel 10K that contain imag-

es from eighty different classes. The retrieval performance with 

dataset-2 is listed in Table – 3 for different target output images. 

The average increase in ARP for NLCEP is 5.9%, 5.2% and 3.5% 

respectively when compared with LTrP, DBWP and BOF-LBP.  

Fig. 7 (a) and (b) gives the retrieval efficiency of dataset-2 using 

ARP and ARR respectively for different target output images.  

 
Table 3: Retrieval Performance (ARP) with Dataset-2 

TECH-

NIQUES 

TARGET OUTPUT IMAGES (N) 

10 20 30 40 50 

NLCEP 
43.1 36.4 31.3 27.8 26.1 

BOF-LBP 
39.2 33.8 27.5 24.2 22.6 

DBWP 
37.1 33.1 25.6 22.6 20.1 

LTRP 
36.3 32.7 25.1 21.4 19.5 

 
(A) 

 
 

(B) 

 
Fig 7: Retrieval Efficiency for Dataset – 2 (A) ARP (%) and (B) ARR (%). 

4.3. Experiment-3: brodatz DB (texture images)  

Experiment-3 uses the datasets from Brodatz that contain images 

from 112 different classes. The retrieval performance with dataset-

3 is listed in Table – 4 for different target output images. The av-

erage increase in ARP for NLCEP is 5.5%, 4.1% and 2.8% respec-

tively when compared with LTrP, DBWP and BOF-LBP.  Fig. 8 

(a) and (b) gives the retrieval efficiency of dataset-3 using ARP 

and ARR respectively for different target output images  

 

Table 4: Retrieval Performance (ARP) with Dataset-3 

Techniques 
Target Output Images (N) 
10 20 30 40 50 

NLCEP 96.5 94.2 92.3 88.6 87.1 

BOF-LBP 94.1 92.1 88.9 85.6 83.8 

DBWP 93.4 91.5 86.2 84.3 82.6 
LTRP 92.2 89.8 85.3 82.4 81.3 

 
(A) 

 
 

 
Fig. 8: Retrieval Efficiency for Dataset – 3 (A) ARP (%) and (B) ARR 

(%). 

 

The increase in the efficiency of image retrieval rate using NLCEP 

can be justified with the following points 

1) Existing methods represent the local image features using only 

the neighbouring pixels but the NLCEP capture the image 

features beyond the local region that helps NLCEP to cap-

ture more effective information.  

2) NLCEP uses the energy from transform domain coefficients 

that is less disturbed by noise. 

3) Since NLCEP derive the features from the pixels whose loca-

tion varies with images based on its characteristics, it can 

effectively capture the local contour and its smoothness in-

formation than other methods 

5. Conclusion 

In this paper a new method called Nonlinear Local Contourlet 

Energy Pattern (NLCEP) is proposed for CBIR applications. To 

increase the retrieval efficiency, NLCEP extracts the features from 

the energy of contourlet coefficients that varies with images based 

on its characteristics in runtime. The efficiency of the proposed 

method is evaluated using the standard databases and the results 

show that NLCEP features are best suited for CBIR applications 

than similar methods. The current work is limited to gray scale 

images and this work can be extended to the colour images by 

combining NLCEP with a suitable colour feature. Also in this 

work, the length of the pattern is considered as eight and analysis 

can be made by increasing the pattern length. 

(b) 

(b) 
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