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Abstract

In this study, each pixel in an ear is used as a centroid to generate a cake. Subsequently the
major axis length of this cake is computed and obtained. This obtained major axis length
serves as a feature to recognize an ear. Later, the ear hole is used as a centroid and a 16-circle
template is generated to extract the major axis lengths of the ear. The 16-circle template
extracted signals are used to recognize an ear. In the next step, a ring-to-line mapping
technique is used to map these major axis lengths to several straight-line signals. Next, the
complex plane vector computing technique is used to determine the similarity of these major
axis lengths, whereby a solution to the image-rotating problem is achieved. The
aforementioned extracted signals are also compared to the ones that are extracted from its
neighboring pixels, whereby solving the image-shifting problem. The algorithm developed in
this study can precisely identify an ear image by solving the image rotation and image shifting
problems.
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1. Introduction

This study uses the “moment technique” to determine the major axis length of a cake image.

This major axis length is used to recognize an ear. A 16 extracting-circle template is generated
to extract the ear features, which are the lengths of major axes. These extracted signals are part
of a complex process, using an algorithm to solve the image rotation problem. This 16
extracting-circle template is combined together. Moreover, these extracting-circles center on
the ear hole area to extract the ear features. By comparing the extracting signals, which are
extracted at different places, one can differentiate and identify different ears. This method is
used to solve the image-shifting problem.

Over the past twenty years, researchers have devoted much attention to identify objects,
including the Gabor Orientation feature [8, 10, 18], feature segmentation [3], feature detection
[1,2,4,7,11, 14, 16], feature selection [5, 6], feature recognition [15], illumination invariance
[9, 11, 14], Gabor filter phase technique [8]. Previous research has establish ear models but
with different degrees of variance. This variance is attributed to the fact that human beings
have different ears. Subsequently, it is very hard to establish precise ear models. A
contributing factor to this variance is that when capturing ear images the ears may be at
different positions and poses, thus the image shifting and rotating issue arises. Previous
methods have not fully resolved the image shifting and/or rotation problem, the new method
proposed in this study solves these two problems.

From past research, the SIFT technique is used to recognize an ear, as shown in Fig. 1.1. For
employing this SIFT technique to recognize an ear, the feature points of an ear must be
located. Subsequently, these feature points are connected. Next, these connection lines are
used to identify an ear. Often it is very difficult to locate the feature points of the ear, as these
points of an ear are very difficult to obtain. Sometimes, the SIFT technigue is unable to
establish a complete SIFT pattern.

Figs 1.2 and 1.3 illustrate usage of the ear contour to recognize an ear. For the ear and skin
behind the ear, they have similar color. Subsequently it is very difficult to define the contour of
the ear due to the cross blending of colors in the ear area. Fig. 1.3 illustrates how an ear
contour can be used to determine the height and width of an ear. As mentioned earlier, it is
difficult to fully locate the contour of the outer ear; subsequently the ear contour is not well
defined so accurate to decide the length and width of an ear is impossible to obtain.

Fig. 1.4 shows the 3D ear. 3D ear image possesses the depth information of an ear.
Subsequently, from this depth information it is easier to locate the key feature points of an ear.
With this information it is easier to employ the geometry comparison technique to recognize
an ear. Also, as a different reference for comparison methods, the Fisher ear [11] does not give
a good solution to image shifting and rotating problems.

Fig. 1.5 shows a pair of pliers and a staple case with its major axis respectively. An object has
its own unique major axis, which can serve as a critical feature to identify the object. As shown
in this figure, the pliers have its own unique major axis length and the staple case has its own
unigque major axis length as well. These unique major axis lengths provide information to
identify the pliers and the staple case with greater consistency and accuracy. Fig. 1.6 shows
three pliers with three different poses. However, they are from the same source. The major axis
lengths of these three pliers are identical. Although the orientations of them in the images are
different, they have the same major axis lengths. Similarly, Fig. 1.7 shows three different
staple cases, which are from the same source. For them, since they are from the same source,
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the lengths of these staple cases are identical. This shows that although the objects are rotated,
the major axis length is preserved maintaining consistency across images. This property is
used to solve the image-rotating problem.

When performing the ear recognition, especially when performing the pixel-by-pixel
comparison, one individual pixel should posses its own unique salient feature; therefore, an
ear can be recognized. As is common, the ear color in an ear image is always plain white.
When comparing these plain white pixels, an ear cannot be recognized. Fig. 1.8 shows three
different era images. The left ear image (a) is in the normal position, the center ear image (b) is
obtained by rotating the left ear image (a) clockwise a little bit, and the right ear image (c) is
obtained by rotating the center ear image (b) a little bit further. These three ears belong to one
person and they need to be identified. Fig. 1.9 shows the same ears of Fig. 1.8 again. However,
in this figure images (a), (b), and (c) contain one large white ring, respectively. Moreover, near
the ear lobe each ear image has a black slant line cake. Fig. 1.10 shows three large rings. Each
ring contains four black spots. These black spots represent the symbols of the black slant line
cakes in Fig. 1.9. The major axis length of the black slant line cake of Fig. 1.9 is computed and
the number is presented in Fig. 1.10, as 22, 8, 3... 10.... As the images (a), (b), and (c) of Fig.
1.9 are rotated, the major axis lengths, 22, 8, 3... 10 in Fig. 1.10 are rotated. The summing
result of the major axis lengths, 22, 8, 3... 10 in Fig. 1.10 is the same. This implies that the
summing result of the major axis lengths of figures (a), (b), and (c) in Fig. 1.9 is the same.
This method is used to recognize an ear. Fig. 1.9 shows only one white circle resides in one
image. Actually, in this study, for every pixel in an ear image, each pixel is used as a centroid
to generate the aforementioned white circle. The small cakes with the black slant lines are part
of this process of computing all contributing axes for an aggregate total to recognize an ear.
The flow chart for this study is illustrated in Fig. 1.11. The remainder of this report consists of
four sections. In Section 2, major axis length computing is presented. In Section 3, vector
computing is presented. In Section 4, an ear signal is extracted from various locations and a
signal comparison is performed. In Sections 5 and 6 conclusions for this study are presented.

1

.

Fig. 1.1. SIFT. Fig. 1.2. Ear edgeSIFT.

Fig. 1.3. Ear height and Width.  Fig. 1.4. Dears. Fig. 1.5. Object major axis length.
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Fig. 1.6. Pilers with different orientations. Fig. 1.7. Cases with different orientations.

Fig. 1.8. Ear with different orientations.
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Fig. 1.9. Black slash cake areas to compute major axis length

22

‘o o ® ‘0 o4
oo ey O o . qs

Cemr ofd Cermtroid

J'

n O.,_, 3 uoo

I|-.,. -

(@) lih)
22,8, 3,10, represent the length of major axis.
Fig. 1.10. The extracted major axis length, (a), (b), (c) are coming from the identical source.
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Fig. 1.11. Processing steps.

2. Major axis length computing

Fig. 2.1 shows three ears again and they belong to the same person. If the left ear is in the
normal position (image a), one can rotate this ear (image a) clockwise to obtain the middle ear
(image b). Furthermore, rotating the left ear (image a) a little bit more, the right ear (image c)
can be obtained. As checking these three ear-images, one can see there is a white ring inside
the ear-image. Moreover, near the ear lobe, there is a small black slash cake for computing
major axis length. The length of the major axis of this small black slash cake is calculated and
this length represents the feature of this small black slash cake. This length serves as a feature
to recognize an ear. As mentioned earlier, all these three cakes are located near the ear lobes
and the major axes of these three cakes are calculated. One can move the cakes to the top
sections of the ears and the other major axis lengths can then be obtained. Similarly, these
additional lengths obtained can be used to identify an ear. In this study, each point that is
located on the circumference of the white circle serves as a centroid. Furthermore, this
centroid is used to generate a cake. Following the previous discussion, the major axis length of
each cake can be determined. As mentioned before, these major axis lengths are used to
recognize an ear. After obtaining the major axis length, the length is saved in the position of
the centroid of each cake itself. Therefore, the white circumference of the white circle contains
the information of the lengths of the major axes. Subsequently, these signals are used to
recognize an ear. The technique used to obtain the major axis of a black slash cake is described
as follows.

Equation 2.1 is used to compute the parameters mpq, wherein variables P and @ may vary
different case, as 0, 1, or 2. Location (x,y) represents the location of a pixel inside the
aforementioned black slash cake, to which b(x,y) represents the gray level of this pixel.
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Location (X ¥e) is the centroid of this cake, which is computed by equation 2.2, in which
M1 and Moo are used to compute Xe and Ye.

The centroid of the black slash cake is defined as (. ¥e) . Equation 2.3 is used to compute
variables @, b, and C, wherein X represents the horizontal distance of a pixel from its

current position to its centroid (X ¥e) and Y, vertical distance. By further analysis,
equation 2.4 can be derived. In equation 2.4, 0 represents the orientation of an

aforementioned cake. By determining the values of 0, X and Y, then variables *min and

Ymax can be determined, as shown in equation 2.5. Subsequently, by equation 2.6, the major
axis length of a cake can be determined. This length is used as a feature to recognize an ear.
Fig. 2.2 shows the white circle again. This white circle contains the major axis lengths. For
easy processing, this white circle can be mapped to a straight line, as shown in the image on
the right in Fig. 2.2. The line has a length of 128 pixels. The left figure of Fig. 2.3 uses the

F(O), F(l), F(Z), F{27) to represent the lengths of the major axes of

FO) FO) F@ .

symbols
different cakes. As the same situation of Fig. 2.2, the signals
F(27) are mapped to a straight line. The result is shown on the right in Fig. 2.3.

Clockwise rotating One more clockwise rotating

(a) (b) ©
Fig. 2.1. Black slash cake areas to compute major axis length
Mhy = H (X=%)"(y = ¥.)*b(x, y)dxdy (2.1)

w o= Mo _ be(x,y)dxdy

Moo - ”b(x, y)dxdy

m, ] yb(xy)dxdy
yc = — =
Mg, [[o(x, y)dxdy

(2.2)

a = ”(x')zb(x,y)dxdy
b = 2[[(x'y)*b(x, y)dxdy (2.3)

c = [J(y)*bix. y)dxdy
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a—c¢
- (bZ + (a_C)Z)lIZ (24)

cos20 =

X . = ”(x'cose—y'sine)zdxdy
(2.5)

X ”(x'sine— y'cos &) dxdy

max -

4% x3 2
Major axis length = (—)4[~2n]e (2.6)
x’ X

max

Ring to line mapping

-

Centroid (64,64)
Fig. 2.2. Ring-signal to line signal: radius 28.
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Fig. 2.3. Ring to line signals.

3. Vector computation

Fig. 3.1 shows the image extracting process. Image (a) shows the original 1224-by-1632
image, taken with the Nikon 8400 camera. The techniques used to extract the essential part of
the image are as follows: Sobel operator, three by three cross medium filter, and edge
searching and thinning operator. Image (b) shows the 1224-pixels-by-1224-pixels image,
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which is obtained by using the aforementioned techniques. Furthermore, the ear hole of an ear
is determined. Moreover, in this study, the whole ear following the ear hole is moved to the
center of an ear image, as shown image (b). Image (b) is further processed to become a smaller
image with 128-by-128 pixels, as show in figure (c).

Fig. 3.2 shows again the three different ears, belonging to the same person. The left ear image
(@) is in the normal position; the middle ear image (b) is obtained by rotating the left ear image
(@) a little bit clockwise. The right ear image (c) is obtained by rotating the middle ear image
(b) a little bit further in a clockwise direction. These three ears belong to the same person and
the rotation invariant transform technique is used to classify them. This rotation invariant
transform technique is described in the follows.

Fig. 3.3 shows one ring in counter-clock-wise positions contain signals F(0), F(1), F(2),
-, F(127) . For this ring, there are 128 signals residing in it. Each two adjacent signals
mapped to the circle centroid from an angle. For example, signals F(0), F(127)and the
circle Centroid can generate an angle £/F(0) Centroid F(127). There are 128 signals in
this ring, thus the angle of ZF(0) Centroid F(127) is (360/128)". In Fig. 3.3, if signal
F(0) resides at ((360/128)-0)" position, F(1) should be at ((360/128)-1) position.
Similarly, F(2) should be at ((360/128)-2)" position and F(127) should be at

((360/128)-127)’ position. For efficient processing result, the circle signal in the left is
mapped to the line signal on the right hand side. After these circle signals are placed in one
straight line, one can determine signal F(0) places on the top of the line and F(127) at the

bottom. These signals are the major axis lengths, as computed and obtained in the previous
section. Fig. 3.4 shows another ring, which also contain the same signals of Fig. 3.3, as signals
FO), FQ, F(2), -, F(127) . However, these signals are shifted when rotating

clockwise to different positions, with signals F(44), F(43), F(42), and F(41) on the right
side of the circle. Furthermore, F(42) is shifted at ((360/128)-0) angle position. These
signals are also placed on a straight line, as shown in the right picture in Fig. 3.4, with signal
F(42) on the top and F(41) at the bottom. Fig. 3.5 shows another ring, which contains the

same signals as Figs. 3.3 and 3.4. In this case, the signals are also rotated clockwise a little bit
further, with signals F(86), F(85), F(84), and F(83) on the right hand side. In this figure

F(84) is on the ((360/128)-0)° angle position. These signals can also be placed on one
straight line, with signal F(84) on the top and F(83), bottom. Equation 3.1 shows a vector
with signal magnitude F (n)emitting from the origin of the complex plane with angle 20",
which can be denoted as F (n)e!?, which can be also denoted as follows.

F(n)e’ = F(n)-cos# +F(n)-sing".

It represents the horizontal vector adding the vertical vector. Equation 3.1 serves as the rule to

generate various vectors. Equation 3.2 shows || Vector, ||

F(0)£0° + F(1) £0° + F(2) L0 +---+ F (127).£0" . For short denotation, Il VECtO% Il jg
#=0 cos@ =cos0, cosO" =1 , 4

equal to absolute value of vector

denoted as ||V, | . As in equation 3.1, when
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sing” =sin0", sin0"=0 : thus F(n)e!® = F(n) . Therefore, in this case the following result
can be obtained.
IV, I=FO)+F@Q)+F(2)+--+F(127)

Equation 3.3  shows || Vector, | equal to absolute value of vector

FO)£(¢-0) +FQ)L(p-1) +F(2)L(p-2)" +---+ F(127) L(¢-127)°, where ¢ is equal

360/128 . Equation 3.4 shows || Vector, | equal to absolute value of vector
F(O)£(¢:0-2) +F()L(¢p-1-2)" +---+ F(127) L(¢-127-2)". In equation 3.5, it shows

again that IIVector, | equal to absolute value of vector

F(0)£0" +F(@)£0° + F(2)£0° +---+ F(127) £0".

As the previous discussion, the following result is obtained.

|| Vector, ||= F(0) + F (1) + F(2) +---+ F (127)

For equations 3.5, 3.6 and 3.7, if signals F(0), F(1), F(2), ---, F(127) are derived from

the identical source, the computed results of [ Vector, | have the same value. As the case of
the ears shown in left, center, and right images in Fig. 3.2, the ears are recognized to belong to
the same person. Therefore, the signals F(0), F(1), F(2), -, F(127) are the same. Thus,

the computed results of [ Vector, | would be the same. This methodology can be used to
identify the ears. In a similar case, equations 3.8-3.10 can compute the same result of

|| Vector, ”, if signals F(0), F(1), F(2), -, F(127) come from the same source.

Equations 3.11-3.13 also compute the same result. Equation 3.14 is the summarized result of
equations 3.2-3.13, which is used to identify different ears. In this equation, the variable

factor h factor

varies from 0 to 127 and for eac case the variable M also varies from 0 to 127.

The reason for variables factor and M having a variance range from 0 to 127 is because the
signals residing in the circles in the left images in Figs. (3.3-3.5) contain 128 points.

Ty

1224-by-1632
(a)

128-by-128
(c)

bl i
1224-by-1224
(b)

Fig. 3.1. The extracted imges.



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 11, NO. 3, March 2017 1659

(b)
Fig. 3.2. Ear rotated to different positions.
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Fig. 3.3. Ring to line signals, normal position.
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Where 9= FA1) L($-127)

Fig. 3.4. Ring to line signals, normal position, clockwise rotated.



1660 Su: Ear Recognition by Major Axis and Complex Vector Manipulation

F(84)L(g-0)
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Where ¢ = 128 F(83)4(p-127)
Fig. 3.5. Ring to line signals, normal position, one more clockwise rotated.
F(n)£¢° = F(n)-cos& +F(n)-sing”
(3.1)
= F (n)HorizontaIVector + F (n)VerticaIVector
IV, || = [[F(0)£0°+F@)L0° +---+F@27)20 | (32 A
Vil = [IF(0)£(¢-0) + F()£L(¢-1)" +---+ F(127) £L(¢-127)"|| (3.3)
IV,[| = IF()Z£(#-0-2) +FQ)ZL($-1-2) +---+F(127) L(p-127-2)" | (3.4)
360
Where || Vector, |||V, ||, [[Vector [HIV, I, |[Vector, ||V, | andﬁ=¢-
General terms for figure 3.3 S
127 \
Vol = 13 Fmo | 1(3.5)
n=0
(For figure 3.3)
127 41
IVl = 11Y F() 20" [+ F(n) 20 ||] (3.6)
n=42 n=0
(For figure 3.4)

n=84 n=0

IVoll = IIZF(n)40°II+|IZF(n)40°ﬂ 3.7)
(For figure 3.5)

For vector ||V, || /
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127

V.|| = F(n)Z(¢-n)

IV = I Fmg-n)| J 8) \
(For figure 3.3)

Vi Il = IIZF(n)é(qé (n-42)y I|+|IZF(n)A(¢ (n+86))° || h (3.9)

(For figure 3.4) -

Vil = IIZF(H)4(¢ (n—-84))’ ||+|IZF(H)4(¢ (n+44))° | h (3.10)

(For figure 3.5) -

360
Where |||Vector, ||=|V, ||and@—¢
For vector ||V, || /

V= I3 @02y | ](3_11) \
(For figure 3.3)

IV I =1l ) F()£($-(n—42)-2) II+|IZF(H)A(¢ (n+86)-2)° ||] (3.12)

n=42

(For figure 3.4)

n=84

IVl = IIlZZ,F(n)Z(qé (n—84)-2)° ||+||ZF(n)4(¢ (n+44)-2) IIJ (3.13)
(For figure 3.5)

Where ||Vector, ||=|V, || and@_ .
For vector ||V, || /
127 N
”Vfactor ” = ” z F(n)4(¢ (n - m) ) faCtor)o ” +
m-1
1> F(n)£(g-(n+(128—m))- factor)" || (3.14)
n=0
where factor varies from 0 to 127 and m also varies from 0 to 127.
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4. Managing image-shifting problem and comparing signals

Fig. 4.1 shows the ring signals are mapping to straight-line signals. In this white circle it
contains the lengths of major axes, which are obtained by using the aforementioned
technology. In this figure, the ring radius of the white ring is 28 pixels in length. The image
frame of Fig. 4.1 is a 128-pixels-by-128-pixels frame. The centroid of this
128-pixels-by-128-pixels frame is located at (64,64). The circle centroid of the white circle of
Fig. 4.1 is located at (64,64). As mentioned earlier, the major axis lengths contained in this
white circle are mapped and a straight line is generated, as shown in the left side of Fig. 4.1.
The length of the straight line is 128 pixels. This mapped line signals are used to identify
different ears. If more major axis lengths are obtained, more identifiers can be generated for
comparison to identify an ear. Subsequently, one can obtain more accurate identification
results. To obtain more major axis lengths extra extracting circles are added to extract the
major axis length. For this process, in total there are 16 circles used to extract major axis
lengths, as shown in Figs. (4.2-4.5). For each circle, the radius is 13, 16, 19, 22, ---, 58,
respectively, which represent the pixel lengths.

To achieve ear recognition, the image-shifting problem must be solved. To accomplish this, all
16 circles are combined to generate a template. Furthermore, this 16-circle template is
positioned at multiple locations around the ear to extract the major axis lengths. The extract
signals are shown in the right hand side, represented as strips in Figs. (4.2-4.5). These strips
are called bands. Each ear generates its own unique bands. Each ear has a 16-circle template at
different locations; this 16-circle template generates different bands. For two ears,
band-to-band comparisons are made to locate the maximum match of two bands and to
identify each ear. Fig. 4.2 depicts the use of location (54,54) as the centroid to extract the
major axis length. Fig. 4.3 shows by centroid (54,74) to carry out this procedure; Fig. 4.4,
centroid (74,74); Fig. 4.5, centroid (74, 54).

For the right line in Fig. 4.1, this straight line is processed by the rotation invariant transform
or vector manipulation technique to obtain the recognition data, as discussed in the previous
section. Each band is composed of 16 individual lines as shown in Figs. (4.2-4.5). Each
individual line is used and processed by the same procedure shown in Fig. 4.1 to obtain
recognition data. The 128-pixels-by-128-pixels frames are used for this study to obtain ear
recognition-data. The centroid of this 128-pixels-by-128-pixels frame is located at (64,64)
position. The ear is moving to the centroid position of this 128-pixels-by-128-pixels frame.
The ear hole is located exactly at the (64,64) position. As mentioned earlier, the 16-circle
template is used to extract the major axis lengths. For managing this shifting-problem, the
locations (64,64), (63,63), (63,65), (65,65), (65,63), (62,64), (64,66), (66,64), and (64,62) are
used as the centroids to extract the major axis lengths, as shown in Fig. 4.6. In total, there are
nine different locations to serve as the centroids to extract the major axis lengths. The
extracted results are similar to other results shown on the right images in Figs. (4.2-4.5). For
more efficient processing result, these nine bands are put together to generate a larger band, as
shown in Fig. 4.7. The corresponding image results are shown in the bottom of Fig. 4.8. In
Fig. 4.6 for each centroid, the extract strips are identified as strip0, stripl... strip8,
respectively. For Fig. 4.7, the band extracted from centroid at location (64,64) is saved at
positions (0) 0-15. The number 0 represents the Oth band and 0-15 represents the Oth column to
15th columns for the combined larger band. The previous nine-centroid extracted signals are
saved at positions (0) 0-15, (1) 16-31, (2) 32-47, ---, (8) 128-143, respectively, as shown in
Fig. 4.7. After this step, the rotation invariant transform technique is applied to extracted
signals to obtain the comparison data, as shown at the bottom of Fig. 4.8. The left figure of
Fig. 4.9 shows the symbol of strip O of ear one; the right figure shows all of the strips. This
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figure shows strip O of ear one comparing with all of the strips in ear two. By this comparison,
the maximum match can be obtained. By this method, the algorithm can judge whether ear one
and ear two is coming from the same source.

To determine the maximum match for recognition for the two images, each strip of one ear is
compared with the entire nine strip of another ear. For example, strip O of ear one is compared
tostrips 0, 1, 2, ---, and 8 of ear two; strip 1 of ear one is compared with strips 0, 1, 2, -, and
8 of ear two; strip 8 of object one is compared to strips 0, 1, 2, -+, and 8 of ear two, as shown
in Fig. 4.10. After completing these steps, the minimum-subtracted-result, which representing
the maximum matching, can be obtained. Finally, they are recorded in a table. The actual
images of subtracted-results are shown in Fig. 4.11.

Ring to line mapping

-

Centroid (64,64)
Fig. 4.1. Ring-signal to line signal: radius 28.

Ring to comp arison signal

-

Centroid (54,54)

Fig. 4.2. Location (54,54) as centroid to generate comparison signals.

Ring to comparison signal
-
Centroid (54,74)

Fig. 4.3. Location (54,74) as centroid to generate comparison signals.

Ring to comp arison signal
-
Centy (74,74)

Fig. 4.4. Location (74,74) as centroid to generate comparison signals.
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Fing to comparison signal

-

d (74,54)
Fig. 4.5. Location (74,54) as centroid to generate comparison signals.

(62,64)
Strip 5
(63,63) (63,65)
Strip 1 Strip 2
(64,62) (64,64) (64,66)
Strip 8 Strip 0 Strip 6
(65,63) (65,65)
Strip 4 Strip 3
(66,64)
Strip 7
Fig. 4.6. Centroid locations to generate various strips.
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Fig. 4.7. Various centroids generate various vertical bands.
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Fig. 4.8. Various centroids generate various vertical comparison strips.
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Ear two
Fig. 4.9. Strop 0 of ear one comparing with strips 0, 1, 2,... , 8 of ear two.

One to nine comp arisons to loc ate minimum discrepancy
Fig. 4.10. Vertical strip subtractions.
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Fig. 4.11. Vertical comparison results.

5. Results

Fig. 5.1 shows the original ear images. In this study, three ear-images were taken for each
person and 40 people participated in this test. Therefore, there are a total of 120 ear-images
available for comparison. In this study, the 15 ear-images which belonging to five different
persons were designated as a group and these 15 ear-images are tested to verify the accuracy of
the system. Five persons are assigned together as a group and there are 40 persons joining in
this study; therefore, totally there are eight different groups. As previously mentioned, three
different ear-images are taken for one person. Five persons are assigned in one group;
therefore, there are 15 ear-images for test per group. One ear-image is compared with the other
14 ear-images. In total, there are 105 comparisons in one group, wherein one ear was
compared with 14 others. Of the 105 comparisons conducted altogether, 15 were run for
genuine comparisons, and the other 90 being imposters. In table 5.1, the data inside the bold
rectangular boxes represent comparisons of identical sources; the others, represent different
sources. Table 5.2 and Fig. 5.2 summarize the results listed in table 5.1 for eight different
groups encompassing 120 genuine and 720 imposter tests. In table 5.2, the subtracted values of
imposter comparisons are 21198155~10977696; whereas, identical, 8709516~4338999; the
tolerance gap between the two is 2268180; the error rates for both tests are zeros.

Fig. 5.1. Original 128-by-128 images.

Table 5.1. Comparison data of original images.
4761450 50601 51] 1681 3061 15763505 17615733 18038174 18405252 18338316/ 1531 5822 15017388 15386453 17108676 17670210 1848674
SO0G77| 170071 79 15715620 173600403 20116560 2021 1563 20229597 14925616 14581296 15072131 | 16860539 17543265 18533808
168953092 16064645 17637636 19313505 19370533 19430543 15196395 15072823 15485535 17164847 17879179 18576510
4338999 5849572 | 20056475 21141297 21917007 12932600 12538691 12364234 10977656 11164622 12319893
BIGPIOfA051 4580 2115581 55 21 891745 12717075 12339666 12190455 10812070 11204567 12285427
20333801 20849351 21310188 13808467 13577568 13080661 11144800 11427573 12225167
§70016 . B705678 21685888 21385373 21564802 15512572 19658002 2004 5606
2009755 [21 700750 21541180 21433354 20478014 | 20614826 20181336
21854089 21567335 21695652 20527208 20633657 20585874
5713653 5525073 12149953 13265395 13951084
5445762 12161588 13086700 13930077
11914435 12955484 135621860
5102450 4541719
7118037

identical sources




KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 11, NO. 3, March 2017 1667

Table 5.2. Range of subtraction values.

-ap tolerance Emrors Error
Range of _ . .
- . etween genuine (Times) rate
subtraction values . -
fand imp oster hands
Imposter 21198158
(‘01:‘[ ):1115'0115' N 2268130 0 540:0
parison: 10977696
. 8709516
Tdentical - 2268180 0 340:0
comp arisons 4338999

120 different ears; 840 comparisons; 9838556 as threshold.

Subtracted-Value

21198155 ry

Imposter
Total comparison times: 720
Error times: 0

10977696 h 4
0838536 Threshold
8709516 .
senuine
Total comparison times: 120
4338999 ¥ Error times: 0
Imposter Genuine

Fig. 5.2. Original Response characteristics of genuine and imposter comparisons:
120 different ears; 40 comparisons; 9838556 as threshold.

6. Conclusions

In the previous technique, outlines of ears are located and these are used to determine the
heights and widths of the ears, as shown in Fig. 6.1. However, the ears may be hidden behind
the hair. Additionally, the ear and the skin behind the ear have the same skin color. Therefore,
there is difficulty to distinguish between the ear-line and the adjacent skin behind the ear
location. Thus, these types of interferences may cause difficulty to obtain an image of the full
ear outline. This study does not extract the outer ear outline. Instead, the ear hole is used as a
centroid and a 16-circle template are used to extract the major axis lengths of the ear. The
16-circle template extracted signals are used for ear recognition. Alternatively, as a
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comparison, as shown in Fig. 6.2, the 3D ear extraction technique is a good method to
recognize an ear. The 3D-ear contains ample object depth information. Furthermore, it is
easier to obtain this depth information. Fig. 6.3 shows one can obtain the position of highest
tip of the ear edge. The vectors from ear holes to these highest tips can be established.
Furthermore, the positions of the inner lowest valleys of the ears and the left isolated ear balls
can be located as well. The vectors from the inner lowest valleys of the ears to the left isolated
ear balls can be established. One can use these vector features to recognize an ear.

Fig. 6.2. 3 D ears.

Fig. 6.3. Image depth to establish SIFT veciors. N
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