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Edge detection using Wavelets
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Abstract: Edge detection is one of very important issues in image processing. There are rrnny
traditional edge detectors nowadays such as Sobel, Roberts, Laplacian ect. but most of them had
faced the problems with noisy images. In this paper, we will study the application of wavelet
families in edge detection for noisy images both theoretically and experimentally. The comparison
of wavelet and haditional edge detection techniques on images in noisy environment is also
presented.
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l. Introduction

Edge detection is used in computer vision
applications for contours extraction of objects.
Edges are large differences in value between
neighboring pixels or we can say that edges are
significant local changes of intensity ln a

image. The paper [1] studies the edge-detecting
characteristics of the 2-D discrete wavelet
transform. The algorithm for edge detection of
noisy images is proposed in f2,3]. A new edge
detection algorithm based on wavelet transform
and Canny operator is presented in [a]. In paper

[5] selected methods of edge detection in
magnetrc resonance images are described, with
the emphasis on the wavelet transform use. The
classical edge detectors based on gradient
detectors or Laplacian detectors usually fail to
handle images with the bluned object outline or
in the presence of strong noise. ln this paper,
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we will discuss on detecting edges using
wavelets and analysis of wavelet's edge

detectors for noisy images.

2. Edge detection based on classical methods

The usual method is to use convolution of
the irnage with complex filters like Sobel or
Prewirt. There are many ways to perform edge

detection. They may be grouped into two
categones: Gradient and Laplacian. The
gradient method detects the edges by looking
for the maximum and minimum in the first
derivative of the image. The Laplacian method
searches for zeto crossings in the second
derivative of the image to find edges. Gradient
operation is an effective detector for sharp
edges where the pixel gray levels change over
space very rapidly. But when the gray levels
change slowly from dark to bright, the gradient
operation will produce a very wide edge. It is
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helpful in this case. to consider using the

Laplace operation. The second order derivative

of the wide edge will have a zero crossing in the

middle of edge. It is important that the edges

which occur in an image should not be missed

and that there should be no spurious responses.

There are some criteria that we should consider

in term of edge detection. Firstly, the edge

detecting methods needs to mark as many real

edges in the image as possible. The second

criterion is good localization, it means the

distance between the actual and located position

of the edge should be minimal. Thirdly,
minimal response, a given edge in the image

should only be marked once, and the noise in
image should not create false edges. The third
criterion is implemented because the first two

criteria were not substantially enough to
completely eliminate the possibility of multiple
responses to an edge.

The gradient-based methods check the

magnitude of image gradient. The gradient map

is generated by 2D convolution. Edges are

detected if the magnitude of image gradient

greater than threshold. The Sobel operator,

Prewitt operator, Robert's cross operator use

masks of 3 x 3 to convolute with the image.

The advantages of these are very simple, very

fast. The main drawbacks of them are very

susceptible to noise and not capable of
detecting edges in different scales. In order to

detect edges in noisy images, Canny edge

detection uses Gaussian filtering to raise the

image to noise ratio SNR and hysteresis

threshold Ts and T1 for connectivity of edges.

Canny method is easy implementation, fast

speed and relatively robust and cost effect.

However, the result can still be affected by

strong noise. The edges in all scales do not be

examined.

3. Wavelet transform

2D Discrete Wavelet Transform (2D DWD
decomposition of image can be described by (1)

C: X'I'Y (l)

where C is the final matrix of wavelet

coefficients, l represent an original image, X is
a matrix of row filters and )' is a matnx of
column filters.

When processing image, wavelet perform

separately for the horizontal and vertical

directions. In the first level of decomposition of
2D DWT, the image is separated into four parts.

They are called approximation coefficients

(LowLow or LL), honzontal (LowHigh or LI7),

vertical (HighLow or HL) and detail coefficients

(HighHigh or HID see in figure L
Approximation coefficients obtained in the first

level can be used for the next decomposition

1eve1.

lnverse 2D Discrete Wavelet Transform

used in image reconstruction is defined by Eq.

(2)

I:x'.C.Y' (2)
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Fig.l. Two levels of 2D DWT decomposition.

Basic form of continuous wavelet transform
(cwr)

I e, (r-n\
t/,.1'@.h) = +l "f\tv/l i l,t,lb'-' \ /) , 

Q)
kr which ttr(t) is the mother wavelet. a is the

dimension of translation and b is the dimension

of dilation.

The function / belongs to L'(R>, that is

llf (tll'dt <a (finite energy). The functions
Jtr \ 'l

girr"rut.a by mother wavelet should be a basis

ofthe l(R) space.

Let JV) be a function in l(R), O(x)be a

smoothing function. (impulse response of a

w^tf(x\= r.( ,4)(1t= rL( f *0.,t(x\ (6)" \. dx )' ' dx'"

w!.f (*)= 7*( ,'4)a>=,'*U*e)e) Q)" t dx')'

We can easily generalize this to 2D signals:

yrr(x,7,y adlr"l') 
a'cl yz3(x,.1,; - e'!t'l')

cx (.J, 
(g)

Given

vle,D = (t / s)' vr'(*t s,y I s)

v/:G,l) = (t I s)'V'(x I s,y / s) (9)

which are the s-dilation of t/t(x,y) and

V'(x,y) respectively (s = 2 j, jez,
jc (-co, oo)). Then, the wavelet transform

defined with respect to ryt (x, y) and

t/t'(x,y) has two components:

Wlf (r,y:)=.f *vl@,y)

and W!f(r,y)=.f*V?@,y) (10)

We can easily prove for equation (11) as

low-pass filter) then

o"(x)=Lt(!)s \s,/
be the stretched version of 0(x)

urr(xl=tlot.rl vr. (r\ :{+!
tlx and d'Y- (5)

(4)
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( ? t r*a,X",r)l
(:j.f.,..,rj = "l 

..1.l' "' 
:''". | =,u(,* d,X.-,,,)

\IY,' f (^-, ,"t ) l.rtt. a, Xr,r ),J

The modulus of the wavelet transform at scale s

ll/ ,r,! ., ' ill
.ly',.f(t,r,)=il:::'":''''1 lll=il,o(.r*a,X,,,,X= ,

l[il,'/(.r,r)Jll "

(11)

(r2)

A point is a multi-scale edge point at scale s

if the magnitude of the gradient attains a local

maximum.

There are different types of wavelet

families. Some of them can be listed in figure 2

(Haar wavelet), figure 3 (Daubechies wavelets),

figure 4 (biorthogonal) and figure 5 (coiflets).

0s

Fig. 2. Haar wavelet.

db7 db8 dbg

Fig.3. Daubechies.
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4. Edge detection using wavelet transform

Wavelet transform has widely applied in

image processing. Wavelets are used for edge

detection to eliminate the difficulties such

as the inability of handling large contrast

between images and the inability to handle

large translations of features. By using multiple

levels of wavelet's decomposition, edge

detection using wavelet can be worked well
with the noisy image and images of large size.

The image is used here for the wavelet

transfonir. The wavelet decomposition is

applied on image which creates different sub-

bands like LL, LH, HH and HL ($gure 6, 7)'

The wavelet transform basically is a

+t*i:tl

eoif2 eoif3

Fig. 5. Coiflets.

Fig.4. Biorthogonal.

convolution operation, which is equivalent to

passing an image through low-pass and high-

pass filters (ft4. 8). Let the original image be

I(w, h), then the Z/1 sub-band represents the

vertical edges, HL sub-band represents the

horizontal edges and FIl1 sub-band represents

the diagonal edges of l(w,.h). We can use these

properties of the LH, HH and HL sub-bands to

construct an edge image.

One essential issue in the edge detection is

how to threshold to filter out the noises. If we

choose the value of threshold too large, weak

edges will be rernoved. If the value of threshold

is too sniall, noises can not be filtered out. The

choice of the wavelet thresholding function and

wavelet threshold can be seen in [6].

,| . |:

c0if5
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Fig. 6. Wavelet subband decomposition in 3 scales.

Fig. 7. The result of applying 3 scales DWT to the
Lena rmase

2D DW decomposition seperates an

image into four parts, each of them contains

dffirent information of the original image.

Detail coefficients represent edges in the

image, approximation coefficients are low
frequencies and noise. The easiest way to
detect edges is modification of approximation
coefficients properly.

(d)

Fig. 9. Edge detection for a Lena image with noise (a) Lena image with SNR:1Odb (b) Edge detection by
Sobel (c) Edge detection by Canny (d) Edge detection using wavelets.

(c)(b)

Fig. 8. Analysis filter bank of the separable 2D

subband decomposition scheme.

Figure 8 illustrates the process of
decomposition image using 2D DWT. A 2D
wavelet transform can be computed with a

separable extension of the lD decomposition
algorithm [7] as shown in figure B. Further
stages of the 2D wavelet decomposition can be
computed by recursively applying the
procedure to the lowpass filter LL band of the
previous stage. In figure 9, we compare edge
detection for Lena noisy image (SNR : l0db)
and SNR : 30db (in fgure /0) using wavelet,
Sobel and Canny methods.

The simplest method of edge detection is
replacing all approximation coefficients less

than threshold by zeros. By doing this, low
frequencies and the noise will be removed
from image, The image is reconstructed by
using the remaining wavelet coefficients.

As we mention above, edge detection also
be performed by modification of
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approximation coefficients using Canny,

Sobel, Prewitt detector.

In figure 10, we compare for different
methods of edge detection. The simple detector

is applied to the approximation coefficients

5. Results and conclusions

In this paper, we have presented the edge

detection for noisy image using wavelets. From

figure 9 and figure l0 we can see that, edge

detection for strong noisy image using wavelet

siven better result than usins traditional

obtained in the first level of decomposition.
From the remaining coefficients and the

modified coefficients the image is

reconstructed. This is the simple method that
provides sufficient results, especially with
Cannv detector use.

methods. A comparison of different wavelet's

detectors for noisy image can be seen in figure

11. Quantitative analyses of wavelet's edge

detectors are on the graphs in figure 12 and

figure 13.

Fig. 10. Edge detection for a Lena image with noise (a) Lena image with SNR:30db (b) Edge detection by
Sobel (c) Edge detection by Canny (d) Edge detection using wavelets.

Fig. 11. Edge detection of noisy lenna image using l" level DWT (a) Original lenna image (b) Edge detection

using Haar (c) Edge detection using Db2 (d) Edge detection using coifl (e) Edge detection using Biorl.3.
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Fig.13. Edge detection using 2"d level wavelets.

From the graph of the performance of I't
level wavelet edge detectors on noisy images

we can see that Haar wavelet is simple and

works very well in first level. Figure 13 shows

the graph of the performance of 2nd level

wavelet edge detectors on noisy images. The

graph is plotted with signal to noise ratio

against the noise density of the salt &pepper

noise. Coiflets and Daublets perform well at the

2d level. They suppress a lot ofnoise and have

a higher SNR compare to Haar and Bior 1.3.
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Ph6t hiQn bi6n dung Wavelets

Nguy€n Vtuh An

Trudng Dqi hoc Diu Kht Vi€t Nam, 173 Trmg Kinh, Cdu Giay, Hd N\i, Yi€t Nam

T6m tit: Ph6t hiQn bi6n li mQt trong nhiing nQi dung quan trgng cria xu l)? tin hieu..anh. HiQn nay

c6 rdt nhi6u c6c to6n tri ph6t hi€n bi6n tlang tluo. c srl dgng r6t th6ng dung nhu Sobel, Roberts,

Laplacian... nhtmg hAu htit clrc toin tu ndy tl€u ldm viQc kh6ng hiQu qui AOi voi c6c inh bi nhi6u

m4nh. Trong bdi b6o ndy, chring ta s€ xem x6t ki thuft ph5t hi€n bi€n sri dqng biiin tl6i wavelets cho

c6c 6nh bi nhi6u cri v6 g6c <lQ $ thuyi5t vi thuc'16. Ngoii ra, bii hio cfing ti6n hanh so sdnh hiQu qu6

cria mQt sO ty ttruflt ph6t hiQn bi€n truyAn thtSng vi k! thuat ph6t hien bi6n dung biiin tl6i wavelets <fi5i

voi inh bi t6c elQng cria nhi6u manh.


