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ABSTRACT 
In an Image Processing Compression efficiency and accuracy are two important issues in designing any image 

compression system. Recent evolution in image technology has led to a high demand of shape-based image 

processing applications and shape manipulation tools. Shapes are important in many content oriented image 

applications, like pattern recognition, medical image analysis, face recognition, and image editing.  The 

efficient compression of the image depends on various factors such as the environment considered for query 

image, the reading source and the channel for communication. We can recognize the original image from taken 

image for testing in different angles can be extracted by CSS plot and Invariant-Moment based method as shown 

in the below two cases.  These factors affect the recognition of any given query image. The proposed CSS [1] 

based recognition algorithm found to be efficient in compression as compared to edge based compression for 

rotational and variable noise level.   The suggested approach is to be developed using Matlab tool for image 

processing and retrieval techniques. 

INDEX TERMS—Image Recognition, Invariant Moment-Based Method, Curvature Scale Space Method. 

I. INTRODUCTION 

A digital image is an array of real or complex numbers represented by a finite number of bits. Interest 

in DIP methods stems from two principal application areas: Improvement of practical information for 

human interpretation and Processing of scene data for autonomous machine perception. The Digital 

Image Processing is a highly studied research area within signal processing and computer graphics. It 

is a technique of image manipulation using appropriate algorithms and mathematical tools. DIP has a 

broad spectrum of applications, such as remote sensing via satellites and other spacecraft, image 

transmission and storage for business applications, medical processing, radar, sonar, and acoustic 

image processing, robotics, and automated inspection of industrial parts. Intelligent vision systems are 

the next generation in machine vision. The use of images in human communication is hardly new, our 

cave-dwelling ancestors painted pictures on the walls of their caves and the use of maps and building 

plans to convey information almost certainly dates back to pre-Roman times[2]. But the twentieth 

century has witnessed unparalleled growth in the number, availability and importance of images in all 

walks of life. But the real engine of the imaging revolution has been the computer, bringing with it a 

range of techniques for digital image capture, processing, storage and transmission. 

II. IMAGE RETRIEVAL SYSTEM 

Digital images are a convenient media for describing and storing spatial, temporal, spectral, and 

physical components of information contained in a variety of domains (e.g.. aerial/satellite images in 

remote sensing, medical images in telemedicine, fingerprints in forensics, museum collections in art 

history, and registration of trademarks and logos). These databases typically consist of thousands of 

images, taking up gigabytes of memory space. While advances in image compression algorithms have 
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alleviated the storage requirement to some extent, the large volume of these images makes it difficult 

for a user to browse through the entire database. Therefore, an efficient and automatic procedure is 

required for indexing and retrieving images from databases. 

Traditionally, textual features, such as filenames, caption and keywords have been used to interpret 

and retrieve images. But, there are several problems with these methods... Further, we need to express 

the spatial relationships among the various objects in an image to understand its content. As the size 

of the image databases grow, the use of keywords becomes not only complex but also inadequate to 

represent the image content. The keywords are inherently subjective and not unique. Often, the pre-

selected keywords [3] in a given application are context dependent and do not allow for any 

unanticipated search. In the case of humans, we surely do not store textual descriptions for various 

images, but have a general notion of what an image contains [4]. The goal of research in content-

based addressing is to make steps in the direction of extraction of features that aid in representing and 

retrieving pictorial data. 

 

Figure1: Traditional image retrieval model 

It is generally agreed that image retrieval based on image content is more desirable than text-based 

retrieval in a number of applications. As a result, there is a need to automatically extract primitive 

visual features from the images and to retrieve images on the basis of these features. Humans use 

color, shape, and texture to understand and recall the contents of an image. Therefore, it is natural to 

use features based on these attributes for image retrieval. Most of the work in image database retrieval 

has concentrated on identifying appropriate models for image features such as color, shape, or texture. 

Figure 1 shows a block diagram of the traditional image retrieval model. The input images are 

preprocessed to extract the features [5], which are then stored along with the images in the database. 

When a query image is presented, it is similarly preprocessed to extract its features, which are then 

matched with the feature vectors present in the database. In other words, even if the query image 

differs from its stored representation in the database in its orientation, position, or size, the image 

retrieval system should be able to correctly match the query image with its prototype in the database. 

III. INVARIANT MOMENT BASED METHOD 

Retrieval speed and accuracy are two main issues in designing image databases. System accuracy can 

be defined in terms of precision and recall rates. A precision rate can be defined as the percent of 

retrieved images similar to the query among the total number of retrieved images [6]. A recall rate is 

defined as the percent of retrieved images which are similar to the query among the total number of 

images similar to the query in the database. It can be easily seen that both precision and recall rates 

are a function of the total number of retrieved images. In order to have a high accuracy, the system 

needs to have both a high precision and a high recall rate. Although, simple image features can be 

easily extracted, they lack sufficient expressiveness and discriminatory information to determine if 

two images have a similar content. Thus, there exists a trade-off between speed and accuracy. In order 

to build a system with both high speed and accuracy, a hierarchical two-level feature extraction and 
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matching structure for image retrieval has been used. This system uses multiple shape features for the 

initial pruning stage. Retrievals based on these features are integrated for better accuracy and higher 

system recall rate. The second stage uses deformable template matching to eliminate the false 

retrievals present at the output of the first stage, thereby improving the precision rate of the system. 

a. image attributes 

In order to retrieve images, we must be able to efficiently compare two images to determine if they 

have a similar content. An efficient matching scheme further depends upon the discriminatory 

information contained in the extracted features. 

A two-dimensional image pixel array is represented by {F (x, y); x, y = 1.2}. For a color images, F (x, 

y) denotes the color value at pixel (x, y). If the color information is represented in terms of the three 

primary colors (Red, Green, and Blue), the image function can be written as F(x, y) = {Fr(x, y). Fig(x, 

y), Fb (x.y)}. For a black and white images, F (x,y) denotes the monochrome scale intensity value at, 

pixel (x, y). The given image can then be represented by f features mapping from the image space 

onto the n-dimensional feature space, x = {x1, x2,...,xn}, i.e.,   f : F         x, Where n is the number of 

features used to represent the image. The difference between two images, F1 and F2, can be expressed 

as the distance, between the respective feature vectors, x1 and x2. These feature representation reduce 

the pixel information for storage and increases the speed of computation for retrieval. It is hence 

important to correctly and precisely select the feature transformation method and their representation 

for knowledge creation and querying to attain efficient retrieval of querying image [7]. The most 

commonly used feature transformations for shape representation are the seven moment features, as 

this feature provides invariance towards shape orientation they are most commonly been used.  

b. invariant moment representation 

Moments are defined as the feature descriptors for a given image. The shape of an image is 

represented in terms of seven invariant moments. These features are invariant under rotation, scale, 

translation, and reflection of images and have been widely used in a number of applications due to 

their invariance properties. For a 2-D image [8], f(x, y), the central moment of order (p + q) is given 

by 

pq =
x


y

(x – x)
p
(y – y)

q
 f(x. y)

           ------------------------------------------------ (1) 

Moment invariants based on the 2nd- and 3rd-order moments are given as; 

M1= (µ20+ µ02), 

M2= (µ20+ µ02)2+ 4 µ11
2, 

M3= (µ30+ 3 µ12)2 + (3 µ21– µ03)2, 

M4= (µ30+ µ12)2 + (µ21+ µ03)2, 

M5= (µ30+ µ12) (µ30–3 µ12) [(µ30+ µ12)2 – 3(µ21+ µ03)2] + (3µ21 – µ03) (µ21 +3 µ03) [3(µ03 + µ21)2 – (µ21 – 

µ03)2], 

M6= (µ20–µ02) (µ30 + µ12)2 – (µ21+ µ03)2 + 4 µ11 (µ30+ 3 µ12) (µ03 + µ21), 

M7= (3µ21 – µ03) (µ30+ µ12) [(µ30+ µ12)2–3(µ21+ µ03)2] –  (µ30–3 µ12) (µ21+ µ03) [3(µ03 + µ21)2 – (µ21 –  

                                                                                                                       µ03)2]……. (2) 

WhereM1 through M6 are invariant under rotation and reflection. M7 is invariant only in its absolute 

magnitude under a reflection. Scale invariance is achieved through the following transform. 

M1΄= M1/η, M2΄= M2/r4, M3΄=M3/r6, M4΄=M4/r6, M5΄= M5/r12, M6΄= M6/r8, M7΄= M7/r12, 

Where n is the number of object points and r is the radius of gyration of the object: 

                                        r = (µ20+ µ02)1/2……………………………………………… (3) 

For a given image these moments provides the shape description and are used as feature description 

for image retrieval. It could be observed that these moments do not consider any external noise effect 

and inherent the noise effects in the described moments [9]. This may result in inaccurate estimation. 

Even for spatial similar images these moments are not accurate as the shape description using these 

moments may be same. A similar case is illustrated in figure 2. 
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                                                           (a)                  (b)                                (c) 

Figure 2: spatially similar (a), (b) and dissimilar (c) image 

For the figure shown images ((a) and (b) are spatially similar to each other, but (c) is different from 

(a) and (b) and their respective distances based on the invariant moments (Dm) represents the 

moments-based dissimilarity value of the images[10]. The moment distance is observed as Dm (a, b) = 

0.033, Dm (a,c) = 0.85, Dm(b,c) = 0.85 [3]. It could be clearly observed that (a) and (b) though they 

appear similar but are used for two different image representation. A dissimilarity distance 

observation shows a very low variation (about 0.033) between them and could be wrong interpreted 

under querying. This approach is observed to be more robust to shape variation as compared to 

moment based recognition method and is termed as “curvature Scale space” (CSS) method. 

IV. CURVATURE SCALE SPACE METHOD 

For the shape representation method in computational vision their needs various requirements to be 

fulfilled to make accurate and reliable recognition of an object. Such a representation should 

necessarily satisfy a number of criteria. When two planar curves are described as having the same 

shape, there exists a transformation [13] consisting of uniform scaling, rotation, and translation, which 

will cause one of those curves to overlap the other.  

a. morphological curvature scale space approach 

 Curvature Evolution 

The operation of an image in its mathematical formulation is called morphology. In CSS approach the 

image is represented in its contour format represented by its coordinates (x,y) and are mathematically 

been processed for curvature evolution over various sigma level. The curvature scale space image was 

introduced by Mokhtarian and Mackworth [1,2] as a new shape representation, is computed by 

convolving a path-based parametric representation of the curve with a Gaussian function, The process 

of describing a curve at increasing levels of abstraction is referred to as the evolution of that curve. 

A planar curve is a set of points whose position vectors are the values of a continuous, vector-valued 

function. It can be represented by the parametric vector equation  

                                            r (u) = (x (u), y (u))…………………………………………… (4) 

The function r (u) is a parametric representation of the curve. Planar curve has an infinite number of 

distinct parametric representations. A parametric representation in which the parameter is the arc 

length s is called a natural parameterization [14] of the curve. A natural parameterization can be 

computed from an arbitrary parameterization using the following equation:  

S =




0

x

|
.
r(u)|du  

 
 
 ……………………………………………..……………………………. (5) 

Where ŕ represents the derivative .i.e, ŕ = dr/dv. For any parameterization                                   

|
.
r(u)| = 


 .
x

2
+

.
y

2




1
2

………………………………………………………………………….. (6) 

Where t(u) and n(u) are the tangent and normal vectors at u, respectively. For any planar curve, the 

vectors t(u) and n(u) must satisfy the simplified Serret-Frenet  vector equations: 
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.
t (s) = k(s) n(s)                                                    

.
n(s) = – k(s) t(s)  ………………….………………………………. (7) 

Where k(s) is the curvature of the curve at s and is defined as 

k(s) = lim
h  0

  
h  …………………………………………………………..…………………….. (8) 

Where Ф is the angle between t(s) and t (s+h). Now, observe that 

    t(s)=dt/ds = (dt/du) (du/ds) …………………………………………………………………… (9) 

Therefore 

dt/du = (ds / du) kn =│ ŕ │kn 

Hence  

k(u) =

.
t .

.
n.

r  ………………………………………………………………………………. (10) 

Differentiating the expression for t (u), we obtain  

.
t (u) =









–

.
y(

.
x
..
y –

..
x

.
y)



 .
x

2
+

.
y

2




3
2 
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x(
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..
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x

2
+
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y

2




3
2 








   

  ……………………………………………….. (11) 

It now follows that 

k(u) =

.
x(u)

..
y(u) –

.
y(u)

..
x(u)



 .
x(u)

2
+

.
y(u)

2




3
2
  ……………………………………………………………….. (12) 

 Therefore, it is possible to compute the curvature of a planar curve from its parametric representation. 

Special cases of the parameterization yield simplifications of these formulas. If w is the normalized 

arc length parameter, then   

k(w) =
.
x(w)

..
y(w) –

..
x(w)

.
y(w)   …………………………………………………………….. (13) 

Given a planar curve       = {(x(w) y(w))| w[0 1]}  ……………………………………... (14) 

Where w is the normalized arc length parameter, an evolved version of that curve is defined by                                  

 = 


(x(u )  y(u )) | u [0 1]}  

 

Where 

 
g(u, σ)  denotes a Gaussian of width σ defined by 

g(u ) =
1




 2 



 e



 – u

2

2
2




……………………………………………………………..(15) 

g(u,σ) and y(u,σ) are given explicitly by 
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X(u ) =




–  

 

x(v)
1

 2
 e

– (u – v)
2

2
2
 

 dv.  

 ……………………………………………………. (16) 

 

Y(u ) =




–  

 

y(v)
1

 2
 e

– (u – v)
2

2
2
 

 dv.      ……………………………………………………. (17) 

The curvature of Γ σ is given by 

 

k(u ) =
Xu(u )Yuu(u ) – Xuu(u )Yu(u )




Xu(u )

2
+ Yu(u )

2




3
2

……………………………………………………. (18) 

The process of generating the ordered sequence of curves {Γσ │ σ >= 0│} is referred to as the 

evolution of Γ. 

V. DESIGN APPROACH 
a. System overview 

As explained in previous chapter, object recognition system based on invariant-moment based 

method[15] and Curvature scale space (CSS) based method were to be evaluated. A general 

recognition system is as shown in figure 3. 

The figure illustrates a multi feature recognition system with matching operation, integration and 

classification units, where for a given query image, n-features are calculated and passed to a matching 

logic which evaluate the Euclidean distance of each feature with n-database features of the relative 

feature count such as among n-calculated features, the first feature is compared with all the first 

features [16] of database images in matcher1. A similar match operation is performed with all the 

features to generate the Euclidean distances. All the generated Euclidean distances are passed to the 

integrator unit for making a decision of classification order based on the obtained Euclidean distances. 

These sorted distances are then passed to the classifier unit to pick up the corresponding image from 

the database to generate the classified images and the recognized image.  
  

 

 

 

 

 

 

 

Figure 3: Feature based image recognition system. 

This system extracts the features based on the shape of a given object using invariant moments to 

make the system robust to orientation effect. This feature unit is to be improved with respect to 

minimizing the surrounding effect by applying a CSS based approach in place of invariant-moment 

based estimation approach [17]. The invariant features using invariant-moment method are calculated 

using the seven moment equations as described in section…… To realize the suggested CSS based 

approach, the system developed is as explained below. 
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b. System architecture 

The designed system is developed for recognizing the given query image with a trained knowledge 

based classifier [18] using the features extracted with invariant moments and curvature features. The 

designed system architecture is as presented figure 4. 

The developed system mainly consists of eight functional units as mentioned below; 

1. Preprocessing 

2. Contour Evaluation. 

3. Curvature Evaluation. 

4. Curvature Smoothening. 

5. Zero-Crossing Evaluation. 

6. CSS Evaluation. 

7. Feature Extraction. 

8. Recognition. 
 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

Figure 4: Designed Architecture for CSS based recognition system. 

c. Operational description 

 preprocessing: 

For a given query image, the surroundings from which the query is been taken matters. The 

surrounding effects such as lighting, medium and noise effects may affect the recognition accuracy 

and need to be eliminated before passing it for processing. This process of elimination of surrounding 

effects is called preprocessing. 

Preprocessing unit performs filtering operation and edge detection for given query image. Where the 

filtration operation is performed by linear filtration or recursive filtration. Linear filtration performs 

filtering operation according to the relation, y = f (x), where x is input, y is output and f is the 

predefined filter function. The main Advantage of such filtration is its simplicity in operation. But this 
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filtration is less in accuracy. Whereas a Recursive filtration involves, continuous adjustment of input 

depending upon the required output, until effect of unwanted parameters reduce to the permissible 

level. These type of filtrations are highly accurate, but Complex in its operation, and are time 

consuming in process. So applying filtration may reduce the efficiency of current recognition system. 

To minimize this filtration affects a method is developed, which minimizes the surrounding effects at 

a faster rate. CSS based approach estimates these effects based on the curvature detection, which is a 

regular part of the CSS process, and no extra additional operation such as filtration is made to 

minimize the surrounding effects as in case of conventional system. This approach is hence faster than 

the existing systems. In such system the preprocessing unit is used only for edge detection of a given 

image.  

 contour evaluation 

Contour is defined as outermost continuous bounding region of a given image. For the dEtection of 

contour evaluation all the true corners should be detected and no false corners should be detected. All 

the corner points should be located for proper continuity [20].  
 

8-Region Neighborhood-Growing Algorithm: 

1. Find outermost initial pixel of an edge by vertical or horizontal scanning for  

      Obtained edge information.  

2. The obtained initial pixel is taken as reference and is termed as seed pixel. 

3.  Taking seed pixel as starting co-ordinate, find eight adjacent neighbors of it tracing in anti-

clock wise direction.  

4. The possible tracing order is as shown in figure 5. 

5. if the obtained seed coordinate is taken as (x,y) then the scanning order is,  

           [1. (x+1, y), 2. (x+1, y+1),  3. (x, y+1), 4. (x-1,y+1), 5. (x-1, y), 6. (x-1, y-1), 7. (x, y-1),  

            8. (x+1, y-1)]. 

6. In case of the current pixel is found to be the next adjacent neighbor, update-the current pixel 

as new seed pixel and repeat step 3,4 and 5 Recursively until the  

            Initial seed pixel is reached.…. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5: probable scanning order for -region neighborhood-growing algorithm 

 

Once the contour is detected the curvature for the obtained contour is calculated. 

 curvature evaluation 

To evaluate the curvature for the obtained contour of given image following approach is made; 
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 For a given a contour co-ordinates (x (u), y(u)) the curvature of the given contour is given by, 

 

               x' (u)* y'' (u) – y' (u) * x'' (u)   

k (u) =               

               [( x' (u))^2 + (y' (u))^2]^(3/2)             ………………………………………………… (19) 

 

Where  (x' , y') are first derivative of given contour co-ordinates and  (x'' , y'') are the double 

derivative of x and y. 

For the obtained curvature, CSS is obtained by applying smoothening operation to reduce the zero 

crossing co-ordinates in bounding contours. The smoothening is continued by incrementing the 

Gaussian[24] value (σ) on the obtained contour until no zero crossing exist. 

 curvature smoothening: 

 

                                            X'  (u, σ)*Y''  (u, σ)-Y' (u, σ)*X'' (u, σ)    

                    K (u, σ)= 

                                            [(X' (u, σ))^2 + (Y' (u, σ))^2]^(3/2)              ………………………. (20) 

 

Where,  X = conv(x ,g) and Y =  conv(y ,g) 

 g is Gaussian distribution function and u is the arc length parameter. 

 X' and Y' are the first order derivative of X,Y and X'',Y'' are the second order derivatives. 

The curvature smoothening operation is as shown figure 6. 
 

 

 

 

 

 

 

Original Image                                         For σ=10                                               For σ=40 

 

Figure 6: Curvature smoothening operation at Variable σ 

For the obtained smoothened curvature at each Gaussian level, zero crossings are computed.  

 zero crossing computation 

After smoothening the given curvature a zero cross is evaluated [23], where the zero cross is found 

when the tracing come across a pixel variation from 0 to 1 or 1 to 0 level. The operation is as 

illustrated in figure 7.  

 

Figure 7: Zero crossing computation operation for an obtained curvature 

 curvature scale space (css) evaluation  

Once the zero cross were obtained they are buffered for a corresponding arc length (u) and given 

Gaussian value (σ), once all the zero cross were found they are been plotted for arc length v/s sigma 

value as shown in figure 8.  
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Figure 8: CSS plot for a given curvature 

From the obtained CSS plot important curvature features are extracted. To obtain the important 

curvature feature a threshold is set given by Threshold (T) = 0.6 * max. Peak value. This indicates that 

a CSS peak of more than 60% of the obtained curvature information is used for image feature 

representation. This approach eliminates the consideration of lower peaks resulting in elimination of 

shape information generated due to external noises [25]. This noise used to be reduced by filtration 

approach in conventional methods.  

 feature extraction  

Once the CSS plot is obtained, features are extracted from the selected CSS peaks. The 

features for the given curvature are defined as the arc length[26] and the corresponding sigma value 

which are above the stated threshold value (T). The features are then grouped together for matching 

and classification, given as; 

Features = {(σ1, arclength1), (σ2, arclength2)… 

                     ………………….(σn, arc lengthn)} 

Where n= no. of peaks crossing the threshold limit. This feature extraction is done for the given 

database information and query image [27] which are used for recognition. For the recognition 

process a knowledge database is created given as;  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Once the knowledge is created the recognition operation is performed by calculating the Euclidian 

distance of given query feature with available DB knowledge.  

The computation of Euclidian distance Z(i,j) is given by,   Z( i , j) = Xi( i , j) – Xq( j) 

Where Xi(i , j) corresponds to knowledge information of ith image jth feature compared with the jth 

feature Xq( j ) of given query image[28].                 

For the obtained Euclidian distance of given query image the recognition is obtained for the ecludian 

distance with minimum value given by, 

Location of the Recognized Image = location of min.( Z (i , j)) 
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Now based on the above analysis we can recognize the original image from taken image for testing in 

different angles can be extracted by CSS plot and Invariant-Moment based method as shown in the 

below two cases.  
CASE-I 

Image taken:  

Orientation: ‘0 Degree’  

Noise level: 0  
 

   

a)original query image               b)Taken image for Testing    c) Extracted Counter       d)CSS plot for the given for    

                                                   the Implementation                                                        given Query Image query  

                                                                                                                                          image  

               

e) Classified Images for             f) Recognized image based  g) Classified Images for            h) Recognized image based on 

     Given Query Image                  on CSS method                    Given Query Image                    Invariant-Moment Method 
             
CASE-II 

Image taken:  

Orientation: ‘30 Degree’  

Noise level: 0 

 

  
a) Taken image at 30 degree for      b) Extracted Counter for                c) CSS plot for the given query Image 

    Testing the Implementation              given Query Image  
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d) Classified Images for                      e) Recognized image based                  f) Recognized image based on 

    Given Query Image                              on CSS method                                   Invariant-Moment method 

 

The above results show the recognition of the original image from the taken image with orientation 

angles 0 and 30 degrees. We can also extract the original image from the taken image with orientation 

angles 45, 60 and 90 degrees.  

VI. CONCLUSION 

An efficient shape-based retrieval algorithm has been developed to retrieve images. Efficiency and 

accuracy of retrievals are achieved by designing a two stage hierarchical retrieval system. The 

proposed CSS based method shows promising technique for shape-based image database retrieval. 

The technique is robust under rotated, scaled, and noisy versions of the database images. The CSS 

based method is compared with the invariant based estimation algorithm for the evaluation of 

accuracy in estimation and classification. It is observed that the CSS based estimation outperforms the 

estimation with less classified symbols with accurate retrievation of image as compared to the 

Invariant based method.  

The method is observed to be robust under noisy, arbitrarily oriented and scaled image environment. 

The observations shows that CSS based recognition technique give better performance compared to 

the invariant-based technique. The computational time is considerably less than the existing technique 

and provides better classification rate as compared to invariant-based method.  
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