
I.J. Information Technology and Computer Science, 2015, 06, 30-37 
Published Online May 2015 in MECS (http://www.mecs-press.org/) 

DOI: 10.5815/ijitcs.2015.06.04 

Copyright © 2015 MECS                                          I.J. Information Technology and Computer Science, 2015, 06, 30-37 

Novel Approach for Child and Adulthood 

Classification Based on Significant Prominent 

Binary Patterns of Local Maximum Edge 

(SPBPLME) 
 

Rajendra Babu .Ch 
SRK Institute of Technology, Vijayawada, 520008, India 

Email: chikkalarajendra@gmail.com 

 

Dr Sreenivasa Reddy. E, Dr Prabhakara Rao. B 
ANU College of Engineering & Technology , Guntur, 522510, India 

JNTUK, Kakinada, 533003, India 

Email: esreddy67@gmail.com, drbpr@rediffmail.com 

 

 
Abstract—This paper derives a new procedure for age 

classification of facial image based on the local region of facial 

image.  The local region of facial image is extracted from a 

Significant Binary Pattern of Local Maximum Edge (SBPLME). 

The SBPLME is generated by calculating the absolute value of 

local difference between the average of local 3×3 sub window 

pixel values and its neighbors instead of the center pixel value. 

In the case of Local Maximum Edge Binary Pattern (LMEBP) 

calculating the absolute value of local difference between the 

center pixel value of local 3×3 sub window and its neighbors. 

The proposed SBPLME can generate 512 (0 to 511) different 

patterns. The present paper utilized Prominent LBP (PLBP) on 

the proposed SBPLME. The PLBP contains the significant 

patterns of Uniform LBP (ULBP) and Non Uniform LBP 

(NULBP). Thus the derived Significant PLBP of Local 

Maximum Edge (SPBPLME) becomes an efficient image 

classification and analysis, which will have a significant role in 

many areas. The novelty of the proposed SPBPLME method is, 

it has shown excellent age classification results by reducing the 

overall dimension, thus reducing the overall complexity. 

 

Index Terms—Age Classification, Prominent LBP, LMEBP, 

SBPLME, Maximum Edge. 

 

I. INTRODUCTION 

As humans, we are easily able to recognize a person’s 

group i.e child and adult from an image of the person’s 

face and are often able to be quite precise in this 

estimation. This ability has not been pursued in the 

computer vision community. In order to begin 

researching the issues involved in this process, this paper 

addresses the task of classification of facial image into 

either child or adult. The following section briefly 

explains about the existing approaches to analyze the 

facial image. The paper is organized into three four 

sections. The section 2 describes the existing methods. 

The proposed method is discussed in section 3 and results 

are discussed in sections 4 and conclusions are given in 

section 5. 

II.  EXISTING METHIDS 

A. Local binary patterns (LBP) 

Ojala et al. [1] was introduced the  LBP operator for 

texture categorization and Analysis. The Local Binary 

Pattern (LBP) gives good results especially in texture 

analysis so that LBP mostly suitable in texture 

examination and its applications. The LBP operator has 

great tolerance against illumination changes and LBP 

calculation is also simple, due to this properties, it is well 

suitable for real-world applications like image texture 

analysis. The concept of LBP is also extended in 

applications such as face recognition and age 

classification [2, 3, 4]. 

To compute the LBP value at center pixel by 

subtracting its value from corresponding neighborhoods 

in the 3×3 sub window. The equation for calculating LBP 

values is shown in (1). 

LBP =  ∑ 2(k−1)

8

i=1

 f(Img(k) −  Img(l))         (1) 

f(z) = {
0          z < 0
1          else

                                             (2) 

Where Img(l) denotes the center pixel gray value in 

3×3 window, Img(k) is the neighboring pixels gray value. 

Figure 1 shows procedure for calculating LBP values 

from a given 3×3 sub image. The histograms of these 

patterns extract the existing edges in an image [5, 6]. 

The eight bit LBP contains one of the two possible 

values, So that the combination of all the eight bits results 

in 28 = 256 possible local binary patterns ranging from 0 

to 255. There is no distinctive way to construct the order 

of LBP on a 3×3 neighborhood. Figure 1 shows an 

example on how to generate the LBP value. 

The Fig 1(a) represents the sample 3×3 sub window 

with grey values. The central pixel value is used as a 

threshold value in order to assign a binary value to its 



 Novel Approach for Child and Adulthood Classification Based on  31 

Significant Prominent Binary Patterns of Local Maximum Edge (SPBPLME) 

Copyright © 2015 MECS                                          I.J. Information Technology and Computer Science, 2015, 06, 30-37 

neighbors. Fig 1(b) shows the result of binary the 3×3 

neighborhood based on threshold. The obtained binary 

values are multiplied by their corresponding weights. The 

weights matrix values are shown in as shown by Fig 1 (c). 

The resultant values matrix is given in Fig 1(d). The sum 

of the elements in resultant matrix i.e., Fig 1(d) is treated 

as a LBP value. The LBP value in the below Figure 1 is 

227. The central pixel in fig 1(a) 40 is replaced by the 

newly obtained new LBP value 227 

 
63 28 45  1 0 1 

88 40 35  1  0 

67 40 21  1 1 0 

 (a)    (b)  

20 21 22  1 0 4 

27  23  128  0 

26 25 24  64 32 0 

 (c)    (d)  

Fig. 1. (a) Sample 3×3 sub window (b) Conversion values of  Fig 1 (a) 
grey values into Binary sub Window (c) Representation of each 

neighborhood weight (d) The Values generated when Binary window in 

Fig 1(b) is multiplied with Binary Weights shows in Fig 1(c). 

 

B. Local ternary patterns (LTP) 

The two valued LBP is extended to three valued code 

by Tan and Triggs [7] called local ternary patterns (LTP). 

The three values are generated by the following rules. If 

the gray value difference is zero then LTP value is 0. If 

difference is less than zero then LTP value is -1 and 

otherwise +1. i.e., the indicator f(z) is replaced with 

three-valued function. Equation (3) and binary LBP code 

is replaced by a ternary LTP code as shown in Figure 2. 

f(z) =  {
−1         x < 0 
0           x = 0
+1        x > 0

                                             (3) 

 
63 28 45 

 
1 -1 1 

88 40 35 
 

1 
 

-1 

67 40 21 
 

1 0 -1 

 
(a) 

   
(b) 

 
20 21 22 

 
1 -2 4 

27 
 

23 
 

128 
 

-8 

26 25 24 
 

64 0 -16 

 
(c) 

   
(d) 

 

Fig .2. (a) Sample 3×3 Neighborhood window with grey values (b) 

Ternary value 3×3Neighborhood window of the fig 2(a). (c) Binary 
weight matrix for a 3×3 window (d) Resultant matrix which is generated 

by multiplying fig 2(b) with fig 2(c). 

 

Figure 2 shows the scenario of calculating the LTP 

code on sample 3×3 window. The Fig 2(a) represent the 

sample 3×3 neighborhood window with grey values 

which is same as consider in Fig 1(a). The central pixel 

value is considered as a threshold values in order to 

assign three values to its neighbors. Fig 2(b) shows the 

result of three valued 3×3 neighborhood window. The 

weighted matrix for calculating the LTP value is shown 

by Fig 2(c). The result matrix which is obtained by with 

elementary wise multiplying the matrix in Fig 2(b) with 

weighted matrix is represent in Fig 2(d). The sum of the 

elements in resultant matrix i.e., Fig 2(d) is treated as a 

LTP value. The LTP value generated in above Figure 2 is 

171. The central pixel 40 in Fig 2(a) is replaced by the 

newly obtained LTP value i.e. 171. 

C. Local Maximum Edge Binary Pattern (LMEBP) 

The distribution of edges information in an image is 

extracted by the LMEBP [8]. In LMEBP, the edges are 

discriminated using directions (positive or negative 

direction). The directions are calculated between the 

center pixel values and its eight neighborhoods. The 

magnitude of the edges is not considered in LMEBP. 

Further, these edges are separate out into eight parts using 

the edge magnitudes. When compare with well-known 

LBP approach LMEBP captures more edge information. 

D. The draw backs of LBP, LTP and LMEBP 

After a careful and critical survey of the existing 

literature the present paper found that the LBP and LTP 

lose global spatial information completely. Moreover 

LBP and LTP does not provide better amount of 

distinguish information of the local structure and it has a 

various other disadvantages. The missing local 

information in the LBP, LTP is effectively represented 

and to overcome the edge sensitive problems of LMEBP, 

the present paper derived SBPLME. 

The conventional LBP, LTP and LMEBP operator has 

some disadvantages and limitations: 

 LBP is very perceptive to noise. A major difference 

between the central pixel and its environs is easily 

resulted by the slight fluctuations above or below the 

value of the central pixel with its neighbors. 

 The LTP operator fails to detect large-scale facial 

image structures properly due to their small spatial 

support. 

 The LBP utilized differences of adjacent pixels sign, 

by which it may lose significant local facial image 

information. 

 The edges generated by LMEBP are sensitive and 

not efficient. 

To address the above limitations and to preserve more 

edge information, the present paper derived SLEMBP. 

This SBPLME differs from the existing LMEBP and 

Local Binary Pattern (LBP). It extracts the most 

significant information based on division of edges in an 

image, generated from the difference between the average 

pixel values of a 3×3 neighborhood from each 

neighboring pixel. However in literature the LEMBP is 

proposed to captures edge information better than LBP 

and LTP. The proposed SLEMBP capture more edge 

information than LEMBP, which is evident from Figure 3. 

The Fig 3(a),Fig 3(c) and Fig 3(e) represents the edge 

images generated by LMEBP. The edge information of 

the proposed SBPLME captures more edge information 

than the existing LMEBP, which is evident from Fig 3(b), 

Fig 3(d) and  Fig 3(f). 

 

       

(a)                           (b)                          (c) 
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(d)                          (e)                             (f) 

Fig. 3. Comparison of significant edge images between LMEBP and 

SBPLME. (a) , (c) and (e) edge image generated by using LMEBP.(b) , 

(d) and (f) edge image generated by using the proposed SBPLME. 

 

III. PROPOSED METHOD 

A. Age classification based on   Significant Local 

Maximum Edge using PBP (SPBPLME) 

So many approaches are available for age group 

classification based on pattern approach [11-15] 

According to Ojala etal [1] LBP, which generates 256 

patterns are grouped in to 59 uniform and 197 non 

uniform LBP patterns (NULBP). Many researchers have 

considered only uniform patterns (ULBP) for texture 

classifications due to their small numbers and claiming 

that most of the textures are dominated by only uniform 

LBP’s. But after a careful, critical and significant study 

on the existing literature, the present paper found that 

ULBP have some shortcomings: they discard some 

important texture information, suffer much from non-

monotonic illumination variation and do not describe the 

stochastic characteristics of texture efficiently and 

sensitive to noise. Further most of the extension works on 

LBP generates few or zero occurrences of zero transitions 

which are critical for ULBP. In such cases by considering 

ULBP generates a poor and insignificant classification. 

To overcome this, the present paper utilized Prominent 

LBP (PLBP) on the proposed SBPLME. The PLBP 

contains the significant patterns of ULBP and NULBP. 

Thus the derived Significant Local Maximum Edge PLBP 

(SPBPLME) becomes an efficient image classification 

and analysis. 

The SPBPLME method consists of three stages. In the 

primary stage cropped facial image is obtained. The 

derivation of SBPLME is given in stage two. The 

evaluation of PBP on SBPLME is given in stage three. 

The block diagram of the SPBPLME method is shown in 

Fig 4. 

 
Fig. 4. Block diagram for child and adult classification using the proposed SPBPLME. 

 

Stage One: The original facial image is cropped based 

on the location two eyes. Figure 5 shows an example of 

the original facial image and the cropped image. 

 

   

(a)                                (b) 

Fig .5. ( a) Existing Database facial image ,(b) cropped resultant image. 

 

Stage Two: Derivation of SBPLME based on Local 

Difference using local average of 3×3 window pixels. 

Significant Binary Patterns Local Maximum 

Edge(SBPLME) extracts the distribution of edges 

information in a facial image. The edges are distinguished 

using directions (positive or negative direction). The 

directions are calculated by finding the difference 

between the average value of the 3×3 window pixel 

values and its 8-neighbors as shown in Fig 6(a). The 

proposed SBPLME is different from LEMBP proposed 

by Subrahmanyam [8]. In LMEBP, the edges are 

discriminated using directions (positive or negative 

direction). The directions are calculated between the 

center pixel values and its eight neighborhoods. The 

magnitude of the edges is not considered in LMEBP. 

Further, these edges are separate out into eight parts using 

the edge magnitudes. When compare with well-known 

LBP approach LMEBP captures more edge information. 

The LMEBP is sensitive to noise and fails in capturing 

the significant edge information. The proposed SLEMBP 

overcomes this problem. The derivation of SBPLME is 

given below. 

Step one: The Given facial Image (Img) is divided into 

5×5 overlapped sub images. 

Step two: For each facial sub-image of step one, 

calculate significant edges for each 3×3 overlapped 

window as represented in (4). 

Diff(i) = (Img(i) − AVG) i = 1,2, … , 8                (4) 

where AVG is the average value of the local 3×3 

window pixels. 
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Step Three: The local difference values of the 8-

neighboring pixel values are arranged in descending order 

(using absolute values) from first maximum edge value to 

eighth maxim edge value. If Diff(i) of the edge pixel pi is 

greater than zero, assign ‘1’ to this corresponding 

neighboring pixel pi otherwise assign  ‘0’ as sown in (5). 

f(x) =  {
0              x ≥ 0
1      otherwise

                                          (5) 

By step two and three each 5×5 sub image window 

generates 9 overlapped 3×3 windows as shown in Fig 7. 

And each 3×3 widow generates 8 bit binary values. 

Step four: Place the binary sorted edge sequence of 

the each 3×3 window in a two dimensional edge array of 

8 rows and 9 columns. 

Step five: The first row of edge array is considered as 

the final edge sequence of SLEMBP because it contains 

the maximum edge of the 5×5 sub image. By this eight 

images are obtained on a given single input image. But 

the present paper considers first maximum edge values of 

SLEMBP and is used for finding prominent uniform 

patterns for child and adulthood classification, which are 

shown in Fig 3(b),Fig 3(d) and Fig 3(f). 

The SBPLME computation for a 5×5 sub image is 

shown below. The Fig 6(a) contains a sample 5×5 sub 

image. The considered 3×3 window is also highlighted in 

the Fig 6(a). The average value obtained for the 

considered 3×3 window is 109. Calculate the difference 

between Diif(i) value and its eight neighbors. The result 

is shown in Fig 6(b). The Fig 6(c) shows the binary 

sorted edge sequence of the 3×3 widow, arranged in a 2-

D array. Based on the  Diff(i) of the edge pixel pi   is  

assigned a value ‘1’ or ‘0’ as represented in (6) also 

shown in Fig 6(c). 

 

Fig.6 a). 5x5 window of the original image. 

 

-6   a -3    d -2    f 

1     h 1 2     g 

4     b 4     c -3    e 

Fig.6. b). Difference values of 3×3 window. 

 

a b c d e f g h 

-6 4 4 -3 -3 -2 2 1 

0 1 1 0 0 0 1 1 

Fig.6. c). Sorted the difference values and assign 0 or 1. 

 

The working mechanism of SLEMBP for entire 5×5 

window of Figure 6 is shown in Fig 7 and Fig 8. The nine 

windows of Fig 7 represent the Diff(i) i.e. the edge pixel 

value of the neighboring pixel. The Fig 6(b) represents 

the 2-D array arrangement of the maximum edge patterns 

arranged in sorted order from a to h of the 3×3 window. 

Stage Three: The calculation of the PBP on the 

proposed SBPLME (SPBPLME). 

A LBP can generate 256 (0 to 255) different patterns. 

These patterns are grouped into 59 uniform and 197 non 

uniform LBP patterns. Originally patterns were detected 

by Ojala et al. [5, 6] in grey values. The fundamental 

properties of texture are these patterns. These patterns 

contain zero or two transitions (at most two one-to-zero 

or zero-to-one transitions). The patterns which contain 

zero or two transitions in the circular binary code defined 

in (6) are called “uniform” patterns.  That is, the larger 

the uniformity value U is, the more likely is that spatial 

transition occurs in the local pattern. 

U(LMEPp,r) =      |S(qp−1 − qc) −  S(q0 −  qc)| 

+|S(qp −  qc) −  S(qp−1 − qc)|              (6) 

 

 

Fig . 7.  Maximum Edge Pattern calculation of each center pixel in 3 3 
window 

 

 
1 2 3 4 5 6 7 8 9 value 

a 0 0 0 0 0 1 0 1 0 12 

b 0 0 0 0 0 0 1 0 0 4 

c 1 0 1 0 0 0 0 0 0 64 

d 1 0 1 0 0 0 1 1 1 71 

e 0 0 1 0 0 1 1 0 1 77 

f 0 0 1 0 0 0 1 1 1 71 

g 1 1 0 1 1 1 0 0 0 440 

h 1 1 1 1 1 1 0 1 0 506 

Fig .8.  Binary values of 9 centers 1st maximum edge to 8th maximum 

edge 

 

Many researchers have considered only ULBP patterns 

for texture classifications due to their small numbers and 

claiming that most of the textures are dominated by only 

uniform LBP’s. But after a careful, critical and significant 

study on the existing literature, the present study found 

that ULBP have some shortcomings: they discard some 

important texture information by not considering any one 

of the 197 non uniform patterns, suffer much from non-
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monotonic illumination variation and do not describe the 

stochastic characteristics of texture efficiently and 

sensitive to noise. To overcome this, the present paper 

utilized ‘Prominent LBP’ (PLBP) The PLBP contains 

some of the non uniform patterns and some of the 

uniform patterns that derive significant information. 

The 9-bit SBPLME generates a total of 512 patterns 

ranging from 0 to 511. Thus considering such a huge size 

of patterns for classification purpose is a very complex 

task and tedious process. 

For example, patterns 0 (bitwise 000000000) and 511 

(bitwise 111111111) have a U value of 0 while patterns 1, 

2, 4, 8, 16, 32, 64 and 128, 256 (bitwise 000000001, 

000000010, etc.) have a U value of 2 as there are exactly 

two 0/1 or 1/0 transitions in the bitwise representation. A 

UBP contains only this pattern that consists of 0 or two 

transitions. This represents a total number P×(P-1)+3 

distinct uniform patterns on p=9 bits (i.e., 75 of 3×3 

neighborhood) of the 2P un-rotated patterns that can 

occur in a sub image of 5×5 of SBPLME. This results a 

total number 437 (512 – 75 = 437) non uniform patterns 

in a sub image of 5×5 of SBPLME. Non uniform patterns 

fall in to a large category of patterns. 

The present study found that most of the extension 

works on LBP have very few or negligible occurrences of 

zero transitions and a good number occurrences of four 

transitions. Based on this prominent uniform (PLBP) are 

defined in the literature by. V.Vijaya kumar et al. PLBP 

are those patterns of LBP with exactly two or four bitwise 

transitions ( i.e U= 2 |4). (two or four one-to-zero, zero-

to-one transitions)  That is the prominent LBP considers 

sub set of non-uniform and uniform patterns. The present 

method utilized the concept of PLBP on SBPLME. Thus 

SPBPLME contains a total of 97 patterns in a sub image 

of 5×5 of SBPLME. To have a exact and correct child 

and adult categorization, the present method considered 

sum of the rate of recurrence of SPBPLME on the facial 

image. 

 

IV. RESULTS AND DISCISSIONS 

The proposed scheme established a database from two 

sources. The first source from FG-Net aging base which 

consists of 1002 human face images various ages from 

zero age to 90 years. The second source 600 face images 

downloaded from Google Images. The total images in the 

database are 1602 sample facial images. Some of the 

images in FG-NET database are shown in Fig 9. In the 

current proposed method it is assumed that age is from 0 

to 16 years are treated as child and age is above 16 years 

treated as adult. In the proposed method the sample 

images are grouped into either child or adult based on 

frequency occurrences of SPBPLME. 

The sum of rate of recurrence of SPBPLME patterns 

on child and adult facial images are list out in Table 1 and 

2 respectively. The Table 1 and Table 2 also shows sum 

of rate of recurrence of zero transitions (which are part of 

ULBP) and ULBP on SBPLME. The table clearly 

indicates and establishes the fact that zero transitions 

need not necessary to count because they contain 

negligible or zero occurrences. The classification graph 

of child and adult categorization based on the proposed 

method is shown in Fig 10. Based on the frequency of 

occurrence of PBP on the proposed SLEMBP an 

algorithm is derived to efficiently classify the adulthood, 

which is shown below. 

 

Fig. 9. Sample images in FGNet Aging data base 

 
Table 1. Sum of frequency of occurrence of various patterns on 

SBPLME on child facial images 

SNO 
Image 

name 

Frequency 

occurrences 
of ZERO 

transitions on 

SBPLME 

Frequency 

occurrences 

of UBP on 
SBPLME 

Frequency 

occurrences 

of PBP on 
SBPLME 

1 011A07 0 1828 6531 

2 011A05 0 1922 9742 

3 010A10 0 2245 8893 

4 010A09 0 2221 8695 

5 001A16 0 1628 9737 

6 010A07b 0 1784 9944 

7 002A16 0 1942 9808 

8 001A14 0 2183 9947 

9 009A16a 0 2700 9312 

10 009A14 0 2672 9898 

11 009A13 0 2579 9211 

12 009A11 0 2896 9656 

13 008A16 0 2911 9099 

14 008A13 0 2825 9742 

15 008A12 0 2494 9238 

16 010A06 0 2721 9721 

17 010A05 0 2614 8714 

18 010A04 0 2665 8331 

19 010A01 0 2384 8224 

20 009A09 0 1793 6641 

21 009A05 0 2759 9854 

22 008A08 0 2998 9996 

23 008A12 0 4056 9551 

24 008A13 0 2340 8071 

25 008A16 0 2670 9890 

 

Algorithm 1: Age group categorization based on    rate 

of recurrence of SPBPLME 

if  (FREQUENCY(SPBPLME) < 10000 ) 

display ( “facial image is CHILD”) 

else 

display ( “facial image is ADULT”) 

end 
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Table 2. Sum of frequency of occurrence of various patterns on 

SBPLME on adult facial images 

SNO 
Image 

name 

Frequency 

occurrences 

of ZERO 
transitions 

on SBPLME 

Frequency 
occurrences of 

UBP on 

SBPLME 

Frequency 
Occurrences 

of PBP on 

SBPLME 

1 004A21 0 3259 10186 

2 002A29 0 4356 10328 

3 002A26 0 2935 10980 

4 002A23 0 1870 11383 

5 002A23 0 1685 12735 

6 001A29 0 3465 13943 

7 001A33 0 3387 14048 

8 001A40 0 2864 12465 

9 001A43a 0 2778 13031 

10 001A43b 0 2168 14886 

11 002A20 0 3255 13297 

12 002A26 0 2401 14672 

13 002A29 0 2240 13678 

14 002A36 0 2827 13198 

15 003A49 0 2544 16230 

16 003A51 0 3066 12708 

17 003A58 0 2979 13265 

18 003A60 0 2874 12497 

19 003A61 0 2878 13373 

20 004A19 0 2821 13649 

21 004A26 0 3536 14177 

22 004A40 0 3520 15067 

23 004A48 0 3261 13747 

24 004A51 0 3421 15247 

25 004A53 0 3749 16962 

 

From the Table 1 and Table 2 it is clearly apparent that 

it is not possible to segregate the human’s age as adult 

and childhood accurately based on UBP and zero patterns 

on proposed SBPLME. From this it is clearly evident that 

UBP fails in classification where as PBP results a high 

classification rate. If prominent binary patterns count is 

less than 10000 then the facial image is treated as child 

and the facial image is treated as adult. The classification 

percentage of two datasets is shown in Table 3. 

 

 

Fig.10. Classification graph of child and adult classification based on 
the proposed SPBPLME. 

 

Table 3. Classification results of the proposed SPBPLME method in 
two datasets 

Image Dataset FG-NET database Google database 

Child 97.4% 95.8% 

Adult 96.4% 94.3% 

A. Comparison of the proposed method with Existing 

Methods 

The efficiency of the proposed method is compared 

with an existing “Morphological Primitive Patterns with 

Grain Components on LDP approach” method [9] and 

“geometric properties” approach [10] methods. This 

paper evaluated mean classification rates for zero 

transitions of uniform patterns, uniform binary patterns 

and prominent binary patterns on SBPLME. The 

percentage of classification rates are listed in Table 4 and 

categorization graph is shown in Fig 11. The percentage 

of categorization rates of the proposed method and other 

existing methods [10, 9] are listed in Table 5. The Table 5 

clearly indicates that the proposed method yields better 

categorization rate when compared with the existing 

methods. Fig 12 shows the comparison chart of the 

proposed method with the other existing methods of 

Table 5. 

 
Table 4. % mean categorization rates for zero, uniform and semi 

uniform patterns on SBPLME 

Image 

Dataset 

ZERO transitions 

on SBPLME 

UBP on 

SBPLME 

PBP on 

SBPLME 

Child 0% 87.14% 96.83% 

Adult 0% 65.17% 95.42% 

 

 

Fig. 11. Comparison graph of proposed method on zero transitions, 

UBP and PBP 
 

Table 5. % mean classification rates for proposed SPBPLME method 

and other existing methods. 

Image  

Dataset 

“Morphological  

Primitive Patterns  
with Grain  

Components on  

LDP” approach 

“Geometric  
properties  

Approach” 

Proposed  
Method  

 SPBPLME 

Child 92.17% 91.04% 96.83% 

Adult 93.37% 92.71% 95.42% 

 

 

Fig .12. Comparison graph of proposed method with other existing 

methods 
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V. CONCLUSIONS 

The paper developed a new trend for the child and 

adult classification using prominent patterns on SBPLME 

of human face. The existing LMEBP is sensitive to noise 

and suffers in establishing the prominent and significant 

edges. The proposed SBPLME overcomes this, by 

establishing significant edges. The proposed PLBP on the 

proposed SBPLME overcomes the overall complexity of 

classification algorithm. The PBP on the proposed 

SBPLME shows the supremacy and efficiency over 

ULBP on SBPLME. The present method is tested on both 

FG-NET aging database and Google Images. The 

performance of the present scheme is more for the FG-

NET aging database than Google Images. 
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