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ABSTRACT: In structural engineering it is essential to monitor the health of structural 

members under various load conditions.  Traditionally, engineers are required to travel on site 

to retrieve various test results. However, in modern times, engineers can remotely monitor 

test results both statistically and visually with the help of image processing. When image 

processing is applied to structural health monitoring, one major problem to overcome is the 

offset of an actual edge location caused by the digitalization of straight lines.  It is important 

to locate the edges of objects as accurately as possible to ensure that correct data is received 

and correct decisions are made. This paper presents a new edge detection algorithm at the 

sub-pixel level for the purpose of structural health monitoring. By using sub-pixel edge 

detection, we can achieve higher precision than other methods, which are limited by the 

resolution of imaging devices. Non-linear image interpolation is used to increase the precision 

of determining edges by estimating values which are at undefined points. By using non-linear 

interpolation, the over smoothing effect produced by linear methods can be overcome. The 

proposed method, when applied to structural health monitoring, can perform a more accurate 

and efficient determination of the edges of an object than previous edge detection methods. 

The proposed method also benefits in images, that are noisy compared to previous edge 

detection methods. Experiment results on sample objects show the superiority of the proposed 

method.  

 

 

1 INTRODUCTION 

Each year, a vast amount of money and resources are invested in the development of 

structural infrastructures. However, the monitoring of the behavior of these structures is often 

overlooked and as the aging process occurs, problems develop for engineers in latter years 

due to the engineers being unprepared to deal with these problems. In the early 1990s, 

structural health monitoring was started to determine and predict the integrity and condition 

of structural objects. Traditional structural health monitoring involves identifying damage 

using different sensor technologies such as accelerometers, strain gages, extensometers, fiber 

optic sensors and thermocouples.  Due to the diversity of these classical techniques, structural 

engineers are faced with many challenges as a wide range of expertise is needed to obtain a 

sufficient amount of data to determine the health of structural objects.  

 In recent years, optical measurement techniques have been developed to overcome the 

complexities of traditional approaches and also to remotely monitor structural objects in real 

time (Lecompte et al. (2006), Mass et al. (2006)). These techniques are efficient and accurate 
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in measurements for structural health monitoring. However they require expensive 

photogrammetric equipment which are limited by the resolution of those devices.  With the 

development of faster and more cost-effective computers and processors which are widely 

available today, image processing has become popular due to its abilities to overcome the 

physical limitation of photogrammetric equipment through software.  

When image processing is applied to structural health monitoring it is important to locate the 

edges and boundaries of an object as accurately as possible to ensure that correct data is 

received and correct decisions are made. This can be achieved by applying an edge detection 

algorithm on the image produced by the imaging device. An edge detection algorithm 

functions by detecting edges which are defined in digital images as two adjacent points where 

a strong intensity change occurs. There have been a number of different edge detection 

algorithms that have been developed such as Prewitt, Sobel and Canny and are widely 

accepted and used (Canny (1986)). However, one major problem to overcome is the offset of 

an actual edge location caused by the digitalization of straight lines. These offsets therefore 

diminish the accuracy of the edge detection algorithms and incorrect locations of the edges 

may result. This is particularly true for applications where fine edges and accurate locations 

of an object are required for purposes for structural health monitoring. Therefore to solve this 

critical problem, sub-pixel edge detection techniques can be preformed on the digital images.  

There have been many different techniques developed to estimate the sub-pixel edge 

positions, these include a method which locates discontinuities in images by using a zero 

crossing detector (Binford et al. (1981)), methods which use spatial or Zernike moments of an 

edge using edge operators (Overington et al. (1986), Lyvers et al. (1989)), a method which 

uses an analogue-based approach from the first derivative of an output from a CCD image for 

a fast sub-pixel level edge detection (Ohtani et al. (2001)), a method which uses a Zernike 

moment combined with Sobel operators to find a sub-pixel approximation to improve 

accuracy (Qu et al. (2004)) and methods which use image interpolation techniques obtained 

from a polynomial to estimate a sub-pixel edge approximation (Kubota et al. (2001), Xie et al. 

(2005)). Image interpolation techniques provide an accurate sub-pixel approximation by 

estimating values which are at undefined points. These techniques are particularly useful in 

low resolution images and structural health monitoring where cost-effective photogrammetric 

equipment can be purchased to produce similar accuracy to photogrammetric equipment 

which are expensive. 

Interpolation techniques can be divided into two types, linear and non-linear interpolation. 

Both bilinear interpolation and cubic convolution use a linear approach where a polynomial is 

evaluated with the same stencil for every pixel in the image. This provides a low computation 

time for the interpolation. However, it ignores the local features of an image and an over 

smoothing effect is produced near the discontinuities in the digital image. 

Non-linear interpolation methods have been development to overcome the problems 

introduced by linear methods however they require more computation time for processing. 

Non-linear interpolation methods based on wave-lets have been developed to impose no 

continuity constraints in the interpolation to sharpen edges and to avoid over smoothing near 

the discontinuities (Carey et al. (1999)). Another popular non-linear method called the 

Essentially Non-Oscillatory (ENO) interpolation was originally developed to overcome the 

problem of smoothing across discontinuities in fluid dynamics applications and then was later 

modified for sub-pixel image processing applications (Harten et al. (1987), Balaguer et al. 

(2001)). The ENO interpolation method selects a stencil for a polynomial calculation based 

on the grey-level intensity variation of a pixel and its surrounding pixels. This is done by 

computing a standard Newton divided difference of the pixels in the image to form a measure 

of their smoothness. Two contiguous sets of points are then formed using the divided 

differences. The contiguous set of points with the lower divided differences is added to 

stencil.  
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A modification of the ENO interpolation method, namely the Geometric Shock-Capturing 

ENO method (GENO) was developed to further enhance discontinuities and to locate curves 

with higher sub-pixel accuracy then ENO (Siddiqi et al. (1995)).  Another recent modification 

of the ENO method uses a 4
th
 order interpolation ENO method to achieve a finer grid of 

pixels to increase the geometric accuracy for edge detection (Hermosilla et al. (2008)). This 

method considers the pixels of an image as either point values or cell averages of a function 

for the purpose of improving the localization and geometry of the edges at a sub-pixel level. 

The method also applies a gradient based edge detection to attain sub-pixel edge detection. 

These methods provide good localization and good detection where edges are marked 

relatively close to the real edges of an image. For the application of structural health 

monitoring, it is important to locate the edges of a real object as accurately as possible to 

ensure that correct data is received and correct decisions are made. In practice, noise is also 

an issue due to the limitation and imperfection of imaging devices and therefore affects the 

ability of these algorithms to achieve accurate results.  

This paper presents a new edge detection algorithm at the sub-pixel level for the purpose of 

structural health monitoring. The proposed method is based upon the ENO interpolation 

method and follows the scheme introduced by Hermosilla et al. The proposed method also 

integrates the canny edge detector with the ENO interpolation scheme to provide a more 

accurate and efficient determination of the edges of an object than previous edge detectors. 

The proposed method also aims to increase the accuracy in images that contain noise.  

The paper is organized as follows. In Section 2 the proposed interpolation and edge detection 

algorithm is described. Section 3 presents the experimental results to illustrate the superiority 

of the proposed method when compared to previous edge detection methods and finally 

concluding remarks are given in Section 4. 

2 METHODOLOGY 

The proposed method is based upon the ENO interpolation method however unlike previous 

methods, which apply a gradient based edge detector after interpolation, the proposed method 

combines a 4
th
 order ENO interpolation method with the Canny edge detector. When an 

object is digitalized, it is represented by a set of pixels which are used to form a two 

dimensional image matrix. The proposed method considers that the pixels of an image 

represent the grey level cell average function jig ,  according to Harten (1989) and Hermosilla 

et al. (2008): 
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Where g(x,y)  is the discrete grey level value of an image, x and y  are the coordinates of a 

pixel, i  and j are the coordinates of a cell and h is the size of a cell. 

The first step of the proposed method is to increase the resolution of the pixels in the image. 

This is done by dividing a cell average into four new sub cell averages 
( )n

jig ,  

where { }4,3,2,1∈n . This can be computed according to the procedure described in the paper 

written by Hermosilla et al. (2008). Figure 1 illustrates the new resolution obtained from 

dividing the cell averages into four new sub cell averages. 
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Figure 1. The process of dividing a cell average into four new sub cell averages 

 

The second step of the proposed method is to remove noise from the new sub cell averages. 

This is done in order to prevent noise from being interpolated because it can cause false 

readings of the edges of an object. A mean convolution filter is applied to the cell average 

values to smooth the edges of the image and to remove noise. The filtered output jiG ,  can be 

found by the convolution defined as:    
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represents the kernel of size MN × and  jig ,  is the input image containing the cell averages. 

The third step of the proposed method is to perform a sub-pixel estimation using the filtered 

cell averages jiG ,  and a 4
th
 order ENO interpolation.  Given that ( )Gxp ji ;*,

 is a unique one-

dimensional third-degree polynomial where *x  is the sub-pixel approximation in the x  

horizontal direction and because we only have the discrete filtered cell average values jiG , , 

we interpolate ( )xG ji,  by ( )Gxp ji ;*,
 in order to approximate the sub-pixel filtered cell average 

values (Harten et al. (1987)). The procedure is described as followed: 

Let jkG min,  be a filtered cell average value at point jkmin, where k is the horizontal coordinate 

of a pixel, j  is the vertical coordinate of a pixel and the subscript min denotes the first 

horizontal coordinate in the stencil. The ENO interpolation stencil 

{ }3,2,1, min,min,min,min, +++ jkjkjkjk GGGG  is formed from four successive points in the x  

horizontal direction using the filtered cell averages. This stencil is repeated for all the data 

sets in the x  horizontal direction.   

Assuming that the following initial conditions
( )

kk j =0
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)0(

, ; =  are considered, the 

standard Newton divided differences can be computed according to Harten et al. (1987) as: 
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where m denotes the order. The ENO stencil selection and the divided difference equation 

have been modified to include the discrete filtered cell averages ( )xG ji,  as shown in Equation 

3. This allows for a larger set of data points for the interpolation due to the increased 

resolution found in the filtered cell averages. Following the method of a standard ENO 

interpolation, the possible points with the lower divided difference are then added to the 

stencil to form a sub-pixel approximation: 
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Where 
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jib .  if 
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jia .  otherwise. ( )( )Gxp
m

ji ;*,
 gives the sub-pixel 

approximation values for the x  horizontal direction.  

Using the set of sub-pixel approximated values calculated in Equation 4, the ENO procedure 

is then repeated for values in the y vertical direction. The ENO interpolation stencil 

{ }3,2,1,
**** min,min,min,min, +++ xjxjxjxj GGGG  is formed from four successive points in the y  

vertical direction. The following initial conditions ( ) jj x =0

min, *
 and ( )

** ,*

)0(

, ; xjxj ppyq =  are 

considered where ( )pyq xj ;*, *
 is a unique one-dimensional third-degree polynomial according 

to Harten et al. (1987) and *y  is the sub-pixel approximation in the y horizontal direction. 

The standard Newton divided differences can be computed according to Harten et al. (1987) 

as: 
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Following the method of a standard ENO interpolation, the possible points with the lower 

divided difference are then added to the stencil to form a sub-pixel approximation: 
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approximation values for the y  vertical direction. The sub-pixel approximations from 

Equation 4 and Equation 6 are combined to form ( )GyxR ;, **
 which is the sub-pixel 

estimation values for the interpolated image. 

The fourth step of the proposed method is to perform a modification of the Canny Edge 

detector (Canny (1986)). The calculated sub-pixel approximations are used during the non-

maximum suppression stage of the Canny edge detector to suppress non-maximum values 

which are not considered to be an edge, to 0. This involves finding the local maximum values 

which occur at a peak in the gradient function: 

( ) ( )[ ]
( ) ( )[ ]
( ) ( )[ ]
( ) ( )[ ]














°=−−++

°=−+

°=−++−

°=+−

=

135;1,1,;1,1max

90;1,,;1,max

45;1,1,;1,1max

0;,1,;,1max

****

****

****

****

θ

θ

θ

θ

ifGyxRGyxR

ifGyxRGyxR

ifGyxRGyxR

ifGyxRGyxR

LocalMax

  , (7) 

Where θ  represent the orientation of an edge. Sub-pixel approximation values which are 

equal to or larger than the local maximum are considered not to be edges and are suppressed 

to 0: 
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where ( )GyxO ;, **
 denotes the output image. Therefore, ( )GyxR ;, **

 gives the sub-pixel 

estimation values for the interpolated image and ( )GyxO ;, **
 gives the coordinates of the edge 

points at the sub-pixel level. 
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3 EXPERIMENTAL RESULTS 

The proposed method was tested using various synthetic images and is evaluated against 

previous method to show its superiority. In image processing, an ideal reference image is non-

existent due to the discretization of real values when an object is digitalized. However, 

synthetic images with known geometry shapes can be used to compare the accuracy of edge 

detection methods to the theoretical calculated edges of a known geometry shape. Figure 2 

illustrates the experimental results of the proposed method when compared to the Canny edge 

detector with no sub-pixel estimation and with a 4
th
 order interpolation based on cell averages 

(Canny (1986), Hermosilla et al. (2008)). It can be seen that the detected edges in the 

proposed method are better defined and less staggered then the previous two methods. Table 1 

illustrates the calculated root mean squared error of the estimated edge locations from each 

method using the circle synthetic image. It can be seen that the 4
th
 order ENO method with 

Canny edge detection provides a vast improvement over Canny without any interpolation. 

This is due to the sub-pixel estimations in the interpolation process. It can also be seen that 

the best results are achieved by the proposed method. The computational time for each 

method is also recorded. The experimental results were preformed on an Intel Core 2 Quad 

CPU at 2.4GHz with 2 GB or ram and using the C# programming environment. It can be seen 

that both the proposed method and the 4
th
 order ENO method are slower then Canny’ method. 

However, they provide a more accurate result. The proposed method is slightly faster than the 

4
th
 order ENO method and this due to its integration into Canny. 

Table 1. Analytical results for a circle synthetic image.   

Method Accuracy (Root mean squared error) Computational Time 

(Seconds) 

Canny (Canny (1986)) 1.59 0.016 

4
th

 Order ENO Canny 

(Hermosilla et al. (2008)) 

0.60 2.203 

Proposed Method 0.48 2.140 

Figure 2. Experimental results of a circle synthetic image. 
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Figure 3 illustrates the experimental results for a circle synthetic image with Gaussian noise. 

Noise is of particular interest because in digital photogrammetric equipment and in particular 

cost effective equipment, noise is always introduced as the sensitivity of the image sensor is 

increased. It is important to remove noise from the image as it can cause false readings of the 

edges of an object. The same filter that is used in the proposed method is also applied to the 

noisy original image before Canny and 4
th
 order ENO are applied. It can be seen in Figure 3 

that both Canny and 4
th
 Order ENO are affected by noise. Table 2 also illustrates the problem 

of noise and its significance on the accuracy of edge detection. It can be seen that the 4
th
 order 

ENO method is affected by noise more than Canny without any sub-pixel estimation and this 

is due to the sub-pixel estimation of the noise in the interpolation process. It can be concluded 

that the best results are achieved by the proposed method and this is due to the integration of 

the mean filter in the interpolation process. The computational time for the proposed method 

is also slightly faster than the 4
th
 order ENO method. 

Table 2. Analytical results for a circle synthetic image with noise.   

Method Accuracy (Root mean squared error) Computational Time 

(Seconds) 

Canny (Canny (1986)) 1.62 0.14  

4
th

 Order ENO Canny 

(Hermosilla et al. (2008)) 

2.82 3.270 

Proposed Method 0.50 3.086 

 

Figure 3. Experimental results of a circle synthetic image with noise. 
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4 CONCLUSION 

This paper presents a new edge detection algorithm at the sub-pixel level for the purpose of 

structural health monitoring. By using sub-pixel edge detection, a higher precision than other 

methods, which are limited by the resolution of imaging devices, is achieved. The proposed 

method, when applied to structural health monitoring, can perform a more accurate and 

efficient determination of the edges of an object than previous edge detection methods.  

The proposed method is based upon the ENO interpolation method and follows the scheme 

introduced by Hermosilla et al (2008). The proposed method also integrates the Canny edge 

detector with the ENO interpolation scheme. A mean convolution filter is introduced in this 

method to increase the accuracy in images that contain noise.  As a result, the proposed 

method provides an effective and efficient determination of the edges of an object when 

compared to previous methods and especially on images that contain noise as shown in the 

experimental results.  
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