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V ¢
Abstract QE

To improve the accuracy of digital image edge detectloﬁNO nonki
interpolation based subpixel edge detection algorithm wés proposed W this paper. A stencil
was constructed through classical Canny operator @ ed b hv ing gray images to
generate gradient images. ENO nonlinear fourth-order mtery\w n was applied in the
gradient direction of target edges, and then subjixet subdivj @computatlon was performed

to obtain subpixel accurate locations of ta ges t rmance of our edge detection
algorithm was compared with that of volutlon and non-centered cubic

ear fourth-order

convolution based edge detection @Q . Simu N results demonstrated that the ENO
based interpolation detection algoyitiny improved,the abilities of detecting image edges.

Keywords: edge detecti bplxel @terpolaﬁon; Canny operators.

1. Introductio \\Q %

edge detectign 1S based on the hypothesis which directs that the edge is a
@ has sharp intensity transitions [1-3]. Important regions of

rent level of pixel intensity value. Upon this assumption, many
roposed. Most of them depend on the local pixel intensity gradient,
4, 5] as a calculation of convolution of weighted matrix called local
. This group consists of well-known edge detector, such as Sobel, Roberts,
on, Kirsch [6,7]. Another interesting principle of edge detection [8,9] is done
tion of circular masks and associating each image point with a local area of
s% ightness. Their major drawbacks are high sensitivity to noise and disability to
disCiMinate edges versus textures. Because of these limitations more advance edge detectors
have been proposed which do not only detect edges but also try to connect neighboring edge
points into a contour. In this way, many authors have developed different edge detectors
based on the scale space [10, 11], active contours [12], morphological operations [13] and
also gradient values [14]. Among all, the fundamental one is Canny edge detector [15], which
is fast, reliable, robust and generic, but the accuracy is not satisfactory, because of the
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done by differe
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parameters, which is the weakest point in the procedure. For this reason Canny was extended
to the time-scale plane [16].

These operators detect image edges at the pixel level, but subpixel-level is required for
edge detection in most applications. For example, precision of edge detection usually directly
affects the accuracy of measurement in detecting micro physical factors of plant rhizosphere
[17]. Therefore, it’s meaningful to develop subpixel edge detection algorithms. Subpixel edge
detection is to divide pixels around edges into subpixel for accurately locating edges. To
estimate subpixel edges, three gray-level matrices were used [18]. A surface element model
based on Laplace operator with Gaussian mask was proposed [19]. Zernike matrix and Sobel
operators based subpixel edge detection algorithm was also developed [20]. A subpixel

interpolation algorithm based on quadric polynomial least square fitting to inpate
gradient was proposed [21]. A bilinear interpolation based method was used to inc image
resolution, followed by obtaining fine grids as a prerequisite step of edge dete [22]. A

complexity

covariance based adaptive interpolation method was used t% cercom i0
e

[23], but large covariance matrix used in this method coul rate errors. eighted cubic
convolution interpolation through local gradient was@ conse v%&gﬁity change [24].

In this paper, ENO ( Essentially non-oscil ba nlinear fourth-order
interpolation and Canny operator was applied tect ecig images. ENO interpolation
algorithm was first introduced, and then E | terpolatlo ed subpixel edge detection

algorithm was proposed. Simulation re hat the algorithm proprosed here
could more accurately locate subpixel es WI es of edge thinning.

2. Description the Edge Be&tion\&ho interpolation algotithm

2.1. Edge detectlona
The edge of e i a with the most useful information, containing

discontinuous drastical hanging gray scales. Edge extraction algorithms are
operators Wh@n dete with edge features
Classical edge det %algorithms include Laplacian. Roberts. Prewitt. Sobel.
LOG. Canny op é‘etc. [25]. Laplacian operator is quadric differential algorithm,
and sensitive t&&e. Robert operator can accurately locate edge, but sensitive to
itt and"Soble operators can refrain noise, but the accuracy of locating edge
as Roberts operator. LOG operator first applied Gaussian function to
e, followed by using Laplacian operator to extract points crossing zero as
G operator could generate fake edges, with poor rejection to noise. In this
Canny operator was used, because of its good performance of detecting edges
[26]. Canny operator used first order differential equation of Gaussian function,
therefore obtaining a balance between noise rejection and edge detection.

2.2. ENO interpolation algorithm
ENO interpolation method selected polynomial stencil according to gray scale around
every pixel, followed by estimating smoothness by calculating deviation from mean. ENO
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interpolation selected interpolation points in self adaptive way. Although monotonicity
couldn’t be guaranteed, small shaking could be tolerated with high order accuracy [27].

Given a set of discrete values, f, = f(x,,y,), which represent the pixel grey level value

in a regular grid, where x, = x, , +d ,y, =y, , +d , for each subpixel (x,,y,), a numerical
interpolation is defined:
R(x..y.if)= f(x.y.)+0(d")

)

R(x,y; s f)=1,

Where o (d *) is the definition of approximation error.

ENO interpolation method starts using a zero degree interpolation polynomiahwhiéh
coincides with the function value at one point(x,, y,) . To obtain a higher order point
should be added to the stencil, which is chosen from the two contiguous @s based on
the lowest value of the two respective divided differences. Wi an iterd ocess, carried

out until the polynomial gets the desired order. The ste leCtio\is based on the use of
divided differences as smoothness indicators [28]: O \/

. d d . . . . .
(A) Given x, e [x, - —,x,+—], it is cou@ed thzit » (x,; f) is the unique one-
2 2

dimensional third-degree polynomial whl’c\arpolat(@he\\'unction f(x,y,) at the point
\

x = x., using the stencil {x, . x, &g 7 oox ¢ g Mformed by 4 successive points that

include x, . The stencil is defi@% pros@described as follows:

(i) Initially, i =i, tf®*; £ = \&
(ii) For each m < @,in‘ﬁn’f a%)“: ’(x,; f) are supposed to be known. Then the two
following m-de ré\‘\ed diﬁ@es f the function f (x,y,) are computed as follows:
ai(r) _ @11 im

@’ ) . ()

b(™ = f LX@ ! ximi’im_lJ
From the pessible candidate points, the one with the lower divided difference value will be
added to il.
i(m’tum—l

TRl
‘ai(,r:)

.k
Thus (m) Sy = (m-1) - f (m) _
pi,k (X*, ) pi,k (X*, )+Ci,k H (X* Xj) y
=il

)

f=1,

. . . -1
,then.ci‘f) —a™, " =iy

ik ? min,k min,k !

. () (m) .m L (m-1)
,thel’l.ciyk =b,, i =i

min,k min, k-1

(m)
> ‘bi’k

and i = ir(nai:nk’ Pi (X )= pi(,i)(x*; f).
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. d d )
(B) In the previous step(A), for each x, e [x, - —, x, + —], a set of discrete values has been
2 2
built, p,, (x.; f)=p,,, Vk=1,.,NY.

. d d . . .
Assuming that y, e [y, - —, vy, + —] and using the process described in the step (A), but
2 2

the initial value is following:
jen =14, a0 (y.;t) =t , the following results in obtained after three interations:

(2)
min,ya

a,, (vat)=a’) (v +¢® T (v.-v,)

2
kj(r:

In the interpolation process a stencil has been used that is formed by @E% cutive

Vivwa] @
min xx+2  JImin xx+ 3

Thus, the stencil can be defined as R (x,, y.; f) _0

j +2

points includingyj:{ij Yy,

min x«+1

3. ENO interpolation based subplxel e etec‘tlﬁ
3.1. ENO based non-linear fourth- ordero; @ ation alg}u

The pixel values of digital image are ed as; ted average of the luminosity of a
portion of the scene. Therefore, the consi hat the pixels of an image represent

the averages of a function f (Q& 6
*

fff“:; ,y)dxdy 5\\0 (4)

In the first steps ter ol process the resolution is increased by dividing the
Thu

1
f..:—
d?

h]

original pixel intg |xe alues in the interpolated image will also be averages
of the same f t@our average values can be computed from (5) to (8):

=)
fi'j - 2 y)dXdy (5)

f,, = ij*'*?f(x,y)dxdy (6)

=(3) Vit X
f&j ZJ' f(x,y)dxdy @)
4d Yi xi72
@4) 1 yj+(l ><|+‘i
f

o= 2 z f(x,y)dxd 8
= ggrd, T T T Oaydxdy (8)

A Gaussian quadrature formula with four nodes is employed in order to compute these
integrals with the desired local truncation error:
=(1) 1

d
y Jxrf(x y)dxdyz—[f(x BN =By - )

4d
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d d d
G ==+ By B F (X =By - —+ B)] ©)
2 2 2
=@ 1y, xSt 1 d
=) o] PROay)dxdy s —[f(x + By, = B)+ T (X +—= By, - B)
4d° Tyi=5 0N 4 2
d d d
X B Y B (X == By - —+ B)] (10)
2 2 2
=) 1 S 1 d d
fi=— g FOGy)dxdy = —[f(x, - —+ By, + —— )
4d Y Kty 4 2 2
d d
+f(xi—ﬂ,yj+?—,6’)+f(xi—;+ﬂ.y,—+/3)+f(x-— B.y;+ Bl 11)

=(4) 1
f

d
2

d
Y+ X+ 1
= . zj f(x,y)dxdyz—[f(xi+,b’,yj+§ @0
' vj Xi 4

4d
d d \
+f(Xi+;_ﬂ,yj+;_ﬂ)+f(Xi+ﬁ,y (Xi@dvyj-*ﬂ)] (12)
1-%
Where g =d (—\/_) Therefore, the @ues of\@ y.) must be interpolated at

the above quadrature nodes (x., y.) € [K% X, +% - Yt —]

According to [19] A
T @d v, belg@

1
f =_
d
(0 +w) @‘Zf(x ¢ (13)

N‘c."'\

A Taylor sion @ +y ) around v = 0 reveals the existence of constant, such
as:
_ — 10t (x)
f (%)= (f,( )——dz’—2+0(d4) (14)
24 ox

o', f) \
+0(d*) (15)

2 l,i(x

P = 1
fj(x*):tij(x*;f)__d 2
’ 24 oX

Given x, e [x, - d—, X, + d—] , considering (15) and applying the same procedure described
2 2

in the step (B) (section 2), then:
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= 1,070, (y.1)
R(X.,v.;f)=q, (yit)-—d’ ——— (16)
24 oy
Type (16) can verify:
RO,y f)= f(x,y)+0(d*) 17)

d d d d
Where (x,,y.) e [x, - —.,x, + =Ix[y, - —.y, +—].
2 2 2 2

3.2. Sub-pixel Edge detection steps
The steps for ENO based subpixel edge detection method are as follows: .
(a) Canny edge detection algorithm was applied to detect pixel edge of imag

by extracting and saving edge information;
(b) ENO interpolation method was used to adjust the e fagtors % oints were

selected around every pixel, namely, f(x, - 3,y,-3)

f(xi+3,yj—3) N f(xi+3,yj—3) N f( Q x—1y+3)

FOGHLY, =3) v F(x+, Yy, +3) F(X =3,y 1) f(x—3 1) f(x,+3y,-1)

-0 (NN _

f(x,+3,y,+1) + f(x -1y, X, 1?\ (X Ly, -1)

f(x;+1,y,+1). O

which were then applied to for @\ (10). ( (12)to generate interpolation results.

The points were selected acco&d&b %u |n literature [29];

(c) Subpixel edge was generate y in on in step (b).

4. Simulation s

To explore thg ty and nstrate the efficiency of the proposed subpixel edge
detection al @xperlments on gray-level images are carried out. Figure 1
(including (a) (b) is I image of plant roots.

The computer exp s are conducted to test the proposed algorithm. The experiments

are designed to ¢ the ability of the proposed method on extracting sub-pixel edges
from the plant rodts Tmage with centered cubic convolution interpolation method (algorithm

1) and non-%e;ed cubic convolution interpolation method (algorithm 2).

Figure 1. The original root image Figure 2. Algorithm 1
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Figure 3. Algorithm 2 Figure 4. The algorithm proposed in
this paper

Figure 2 - 4 show part of plant root image generated by edge detection. In Figure, 2, the
edge was blurry, because the image was made by centered cubic convolution intespelation
edge detection algorithm which couldn’t interpolate discontinuously. In Figure”8%the non-
centered cubic convolution interpolation method was appliedy Smoothifhg, €ffeCt could be
observed, but it’s visually blurry. In Figure 4, our method was,usgd. The ifagt was clear and
smoothing with good detection effects. Because EN@™qased interpolatigi detection method
could perform better in conserving the geometrical Teatuses of imegegdge due to its uniform
response, as a result, it improved the abilities of gdge detectione

Because the quadric derivative of imagesedQes is zeroscrass, the convergence rates of
guadric derivatives can be used as the_r@lative accupapy for edges detected by different
interpolation algorithms. For g ‘cEptered (8154 convolution interpolation,

g}(x):f'(x)—f"(xi)+zc/2+0(d) . awhich® indicates that error increases,
a

asd decreases. For non-ceatered cubig Norwdiution interpolation, g (x) = f (x)+0(d) ,

which means the spegd., #itat“gtadric derivative error converges to zero is at least the same as
that d decreasing t0\z&Q®”. Fror<f0rMula (17), the speed that error decreases to zero in our
algorithm is faster, than thatd deCweasing to zero Therefore, in regards to convergence rate,
the detectingiaccuracies of th€ shree algorithms compared here from high to low were our
algorithm, non-Centered fcubic convolution interpolation, and centered cubic convolution
interpolation.

Given an images\different sampling rate were applied to obtain images with resolutions of
32x32 and 64 x%4 . The subpixel edges with different precisions were respectively
compared myth the baseline edge images generated by canny operator convolution. The larger
the deteeflan’ rate is, the higher the accuracy is. Table 1 is the comparison of accuracy of
subipixeledges obtained by the three different subpixel edge detection algorithms.

Table 1. The rate of subpixel edge detection by three methods

32x32 64 x64
Algorithm 1 55.82 40.12
Algorithm 2 57.31 4157
Proposed algorithm 59.62 43.65
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From table 1, the detection accuracy of our method was higher than that of algorithm 1
and 2.

5. Conclusion
ENO based nonlinear fourth-order subpixel edge detection algorithm was proposed in this
paper. ENO interpolation algorithm was first introduced, and then ENO based fourth-order
interpolation algorithm was proposed. Our proposed method applied classical Canny operator
for detecting image edges, followed by processing gray images to obtain gradient images.
Based on the gradient images, ENO based fourth-order interpolation was performed along
gradient direction of target edges for sub-division of subpixel by calculation to a urate&y
locate target edges. The performance of our method was finally compared v?,‘
centered cubic convolution interpolation-based or non-centered cu volution
interpolation-based edge detection algorithm. The centered ¢ |coconvo twerpolatlon
based edge detection method generated damages and blur for i sS40 high extent.
Non-centered cubic convolution interpolation based r@h adNi’?i e or smoothing
effects. The simulation results demonstrated that NO d Jnterpolation method
performed better in conserving image dimensio@ directionNimproving the abilities of

image edge detection. *
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