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ABSTRACT 

This paper first proposes a new quality metric for edge 

evaluation, based on six physical characteristics. These physical 

characteristics that affect human edge quality evaluation are 

continuity, smoothness, thinness, localization, detection and noisiness. 

The final edge quality score is a weighted linear combination of the 

quantified measures of these six edge quality attributes. The other 

feature of this edge evaluation metric is its adjustability. Through 

some training procedures, it can be adjusted to suit different user 

and application needs. 

In the latter part of this paper, an edge detector performance 

predictor is proposed. By a few initial measurements of image 

parameters, the performance of certain edge detectors can be 

predicted. Finally, the performance of several popular edge 

detectors is compared, under different variations of SNR, blurring 

and power spectrum. 
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CHAPTER 1 

INTRODUCTION 

Edges are important features in the area of image processing 

since they contain information on the location, orientation and 

material property of an object. Hence, edge detection methods are 

used in applications such as image classification and analysis. For 

example, in order to detect a target in an image, we may need to first 

acquire the boundary information of the image. An edge detection 

method is applied to reduce the amount of data and preserve the 

boundary information for further target recognition tasks. A 

considerable number of edge detection schemes have been presented 

in the literature for locating the edges in an image. 

With the abundance of edge detectors available, users are 

confronted with the problems of evaluating and selecting a "best" 

detector for their application. Moreover, many image processing 

applications rely on the performance of the edge detectors which are 

applied at the front end of the processing. Hence, it is of interest to 

evaluate the quality of the edge detector output, both to compare one 

edge detection scheme with another, and also to establish the 

performance limitations of each scheme under various conditions. 
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The most straightforward way is by judging the edge detector 

outputs directly according to the subjective opinion of the edge 

detector user. Better yet, it would be useful to have a metric which 

transforms certain physical characteristics of the detected edge maps 

into a simple measure of edge quality. 

Several edge metrics have been proposed in the literature. 

Among them, the most often cited schemes are those of Fram and 

Deutsch [1975], [1978], Abdou and Pratt [1979] and Kitchen and 

Rosenfeld [1981], which are introduced in more detail in Chapter 2. 

Unfortunately, these methods neglect certain physical characteristics 

which affect the edge quality. For example, Abdou-Pratt's edge 

metric does not adequately reflect how smooth and continuous an 

edge is. A rough or discontinuous edge could receive a relatively 

good evaluation score according to their metric. Some criteria are 

biased for or against certain visual effects. For example, Abdou-

Pratt's metric favors detected edge pixels that are close to the ideal 

edge even though they may be noise pixels. Kitchen and Rosenfeld's 

continuity criterion penalizes curved edges despite the fact that they 

may be the facsimile of an ideal edge. 

Another problem with the previous metrics is that they 

represent unitary summary measures and are fixed in the sense that 

they lack the flexibility to adjust themselves in adapting to the needs 

of different applications or users. If we proposed an edge quality 

metric, we would more than likely be asked the following questions: 

What criteria are your metric based on? Does your metric work in 
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my particular application, and why should I agree with it? The 

reason why we should make the metric adjustable should be obvious 

now since different applications or individuals may have different 

emphases on certain quality features. For example, a certain image 

processing task may require first detecting edges which are 

connected without breaks at the front end of processing, in order to 

obtain best results. In this situation, the continuity of an edge is 

emphasized more than other quality features. In another 

application, however, thin edges may be essential, whereas the 

continuity of the edge is less important. The metrics used for 

evaluating edge quality in the above two situations should not be the 

same. Even the opinions of different people in judging the edge 

quality could be different owing to the partially subjective nature of 

quality evaluation. A fixed criterion is not always satisfactory for 

different subjective opinions or different applications. We feel that 

only when the edge quality metric can adequately represent an 

individual's opinion will the evaluation results be more meaningful. 

A new metric of edge quality is proposed in Chapter 3, based 

on the quantified measures of six physical characteristics. These six 

physical characteristics that contribute to edge quality are continuity, 

smoothness, thinness, localization, detection, and noisiness. These six 

quality attributes and their visual effects are illustrated in Fig. 1.1. 



true edge location detected edge 

bad bad bad 
continuity smoothness thinness 

-n m i 
i r, 

(a) (b) (c) 

bad bad high 
localization detection noisiness 

i -
I! 
k :• 

* !.  

(d) (e) (f) 

Fig. 1.1 Quality attributes included in the new 
evaluation scheme: (a) Good continuity requires 
the detected edge be continuous without breaks, 
(b) Good smoothness requires the edge be 
smooth, (c) Good thinness requires the edge be 
thin. (d) Localization means the accuracy in 
location of the detected edge pixels from the 
true edge. (e) Detection is the percentage of 
edge pixels detected on the true edge, (f) Low 
noisiness requires there be few non-edge pixels 
caused by noise. 
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This new metric measures each of the quality attributes separately 

and then uses the weighted sum of all the obtained quality measures 

to indicate the overall edge quality. The previous edge quality 

metrics consider only a small subset of these quality attributes. 

Up to this point, we have included as many as six physical 

characteristics which account for the visual edge quality, in order to 

describe human quality judgment more precisely. As addressed 

earlier, to make the edge metric more practical, we still need to make 

it adjustable to suit the needs of different users or applications. 

Thus, we propose several training procedures in Chapter 4 to tune 

and optimize the metric such that it best represents different users' 

opinions or suits different applications. This adjustable metric is 

attained by assigning each of the six quality measures mentioned 

above with a weight of importance. The final edge quality score is 

the weighted sum of the six quality measures. The goal of the 

training procedures is to obtain the optimum weights such that the 

resulting metric best corresponds to the trainer's opinion (e.g. 

minimizes the discrepancy between the trainer's opinion and the 

metric). After the optimum weights are obtained, this metric can 

more precisely describe the trainer's opinion. For instance, given the 

real edge location, this criterion can be used to automatically 

threshold the edge detector output by selecting the threshold that 

maximizes the edge quality score of the resulting binary edge map. 

It is proved later that threshold selection by this new adjustable 

criterion corresponds to the trainer's own selection very well. No 
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other evaluation scheme has ever claimed to attain this success in 

representing human judgment. 

Edge detector routines, normally applied at the front end of 

many image processing tasks, have a major influence on the overall 

system performance. A poor edge detector can result in either poor 

total system performance or added processing complexity and 

redundancy in the following stages. Besides, there are many edge 

detectors to choose from, and their performance depends on image 

parameters such as SNR and blur. Consequently, being able to 

quantitatively predict a given edge detector performance can help to 

predict the overall system performance. We have found no 

literature which deals with predicting the outcome of edge detection. 

The idea of edge detector performance prediction is introduced in 

Chapter 5, based on the proposed metric. This knowledge based 

system is used to predict and compare the performance of edge 

detectors, given a few physical image parameters prior to edge 

detection. Users can compare the performance of selected edge 

detectors on images with certain properties, without interactively 

monitoring or thresholding the output edge picture at all. 

In Chapter 6, several commonly used edge detectors are 

compared as a function of one of three image parameters (SNR, blur, 

noise spectrum). From the performance curve diagram, the strong 

points and limitations of a specific edge detector in different 

situations are demonstrated and compared to the others. 
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CHAPTER 2 

SURVEY OF EDGE DETECTION EVALUATION SCHEMES 

Since edge detection is one of the fundamental problems in the 

area of image processing, it is of interest to evaluate the quality of 

the output of an edge detector. Several authors have proposed 

techniques for edge evaluation. In the next section, their work will 

be reviewed in chronological order. 

2.1 SURVEY 

From and Deutsch [1975], [1978] 

Fram and Deutsch used synthetic images composed of three 

vertical panels. The outer panels were of two different gray levels, 

the narrow inner panel represented the interpolation between these 

gray levels. This inner panel in which the true edge is located is 

defined as the edge region and only here should edge points occur. 

Several different edge enhancement techniques were applied to 

these test images, and thresholds were chosen so that the number of 

detected edge points was as close as possible to the number of points 

expected for a well-found edge, based on inspection of a sample of 

detector outputs. The thresholded outputs were then evaluated 
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according to two measures (Pj and P2). Pi may be defined as the 

maximum likelihood estimate of the ratio of those detected points in 

the edge region which are caused by the edge signal, to the total 

number of detected points. P2 is the fraction of rows which are 

covered by edge points caused by the true edge signal. P2 reflects 

the distribution of the detected true edge points along the edge. 

Abdou and Pratt [1979] 

Abdou and Pratt presented a statistical analysis of 

enhancement/thresholding edge detectors. They derived the 

conditional probability distributions of detector response for a 

number of edge detectors, given the existence or nonexistence of an 

actual edge. They could thus compute for each detector the 

probabilities of correct and false detection as a function of threshold 

and of noise level. They also presented a pattern classification 

approach to threshold selection using training samples of edge and 

non-edge neighborhoods, and gave experimental results for a 

number of edge detectors in discriminating edge from non-edge 

neighborhoods. At the end of their paper, they used synthetic test 

images of straight lines and compared several edge detectors using 

Pratt's [1977] figure of merit of edge quality. The figure of merit is 

defined as 
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where Ii and Ia are the numbers of ideal and actual edge points, d(i) 

is the location error of the ith edge pixel detected, and a is a scaling 

constant chosen to be 1/9 to provide a relative penalty between 

smeared edges and offset edges. As an example of performance, if 

a = 1/9, the rating when every detected edge pixel is offset by one 

becomes F = 0.90, and a two-pixel offset gives a rating of F = 0.69. 

With a = 1/9, a smeared edge of three pixels width centered about 

the true edge yields a rating of F = 0.93 and a five-pixel-wide 

smeared edge gives F = 0.84. 

Bryant and Bouldin [1979] 

Two schemes for evaluating edge detectors are proposed by Bryant 

and Bouldin. The threshold selection process involves estimating and 

accepting the same percentile of edge points in the scene. In the first 

scheme, absolute grading compares any operator output with an 

ideal "key" output which is determined by hand. In the second, 

relative grading compares an edge detector's output to the 

"corrected" reference image which is made from a joint decision of all 

operators and rates each detector by how often it agrees with the 

consensus of the other detectors. The weakness is that the common 

errors made by a majority of bad detectors may penalize a good 

detector. Aerial photographs were used instead of synthetic images. 
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Shaw [1979] 

Shaw evaluated several edge detectors according to a measure 

of the signal-to-noise ratio, where the original perfect edge is the 

signal and the added points in the output of the distorted image 

compose the noise. This measure reflects the effects of both the 

detection and the noisiness of a detected edge. 

Kitchen and Rosenfeld [1981] 

The approach used here is based on so called local edge 

coherence. They examined every 3x3 neighborhood of the 

thresholded edge output, taking into account the edge direction as 

well. If the center of the neighborhood is an edge pixel, then they 

call the neighborhood an edge neighborhood and rate it on the basis 

of two criteria, continuation (C) and thinness (T). Good local 

continuation requires that two edge pixels along the direction of the 

edge (or perpendicular to the gradient direction of luminance change 

at the center) have the same gradient direction as the center. Good 

thinness requires that the other six neighborhood pixels be non-edge 

pixels. Both measures can range from 0 to 1 in range as edge quality 

goes from poor to perfect. These measures do not need to know the 

true edge location. However, this measure is intended as a 

supplement to existing measures, not a replacement, since it is clear 

that a measure which disregards the correct location of an edge 

cannot not be a fully adequate measure. The final score is a linear 
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combination of C and T. The detector output threshold can be chosen 

so as to maximize the edge evaluation measure E, given by 

E  =  y C + ( 1 - Y ) T  ( 2 . 2 )  

Peli and Malah [1982] 

The quantitative measures suggested by Peli and Malah are 

1. Percentage of edge points detected on the ideal (desired) edge. 

2. Number of detected edge points which do not coincide with the 

ideal edge. 

3. Noise-to-signal ratio. 

4. Mean width of a detected edge. 

5. Weighted and normalized deviation of an actual edge point from 

the ideal edge. 

6. Average squared deviation of a detected edge point from the ideal 

edge. 

7. Mean absolute value of the deviation. 

Haralick [1984] 

Haralick used three measures as the evaluation criteria: (1) 

P(AE/TE), the conditional probability of an assigned edge given the 

true edge, (2) P(TE/AE), the conditional probability of the true edge 

given an assigned edge, (3) Error distance, the average distance 

between the non-assigned true edge pixels and the closest true edge 

pixels. These three measures were used by Haralick in the 

comparison of the performance of several edge detectors. 
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Canny [1986] 

Canny defined three general evaluation criteria for edge 

detectors: 

1. Good detection. There should be a low probability of failing to 

mark real edge points, and low probability of falsely marking 

non-edge points. 

2. Good localization. The points marked as edge points by the 

operator should be as close as possible to the center of the true 

edge. 

3. Only one response to a single edge. 

These criteria were used in the design of an optimum edge detector. 

2.2 DISCUSSION OF PREVIOUS WORK 

Problems exist which prevent the aforementioned evaluation 

metrics from being used widely and confidently. The underlying 

problem with these criteria is that they all fail to consider one or 

more important physical characteristics that affect the edge quality. 

Two of the evaluation methods most often referred to in the 

literature are the methods of Pratt and Kitchen-Rosenfeld. In Pratt's 

figure of merit, the term l/max{Ii,Ia} in Eq. (2.1) reflects the 

detection of an edge, and the l/[l+ad(i)] term reflects the combined 

effects of localization and thinness of an edge. By "localization", we 

mean the accuracy in location of the detected edge pixels. But it does 

not reflect, for example, the effects of continuity and smoothness on 
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edge quality. (See Fig. 2.1.) Moreover, the l/max{Ii,Ia) term only 

reflects bad detection when Ia < Ii. (See Fig. 2.2.) 

Fig. 2.1 Pratt's figure of merit is equal for cases (a) and 
(b). Detected edge (a) is smooth, but localized 
one pixel to the right of the true edge. Case (b) 
is less smooth, and the average localization is 
also off by one pixel. These characteristics are 
overlooked in the figure of merit. 

Detected edge 

True edge 

( a )  (b) 

mzzzza 

Detected edge 

True edge 

( a )  (b) 

Fig. 2.2 Pratt's figure of merit is the same for both (a) 
and (b) if the numbers of detected edge pixels of 
both pictures are equal. 
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The advantage of Kitchen and Rosenfeld's approach of not 

requiring the true edge is also its weakness in not being able to be 

applied independently. Continuity (C) and thinness (T) are not 

adequate to explain the qualities of an edge. Their metric also has an 

inherent bias against curved edges. This is because their criterion of 

continuity favors locally line-like edge features. Even if a curved 

edge is perfectly resolved, the score is not as good as generally 

expected. The quality features emphasized by the metrics of Fram-

Deutsch and Shaw are the detection and noisiness of an edge. Other 

schemes more or less share the same weakness of insufficiency. 

Another problem with the previous schemes is their 

inflexibility when circumstances require that certain edge quality 

characteristics be emphasized over others. For example, a 

postprocessing scheme may require a connected edge map as its 

input. Here, the criteria for evaluating an edge should put more 

weight on edge continuity. A continuous but thick edge would 

probably be chosen instead of a broken yet very thin edge. 

Likewise, the latter type of edge may be preferred in another 

situation. 

Kitchen and Rosenfeld's continuity measure penalizes broken 

edges slightly more than rough edges, although broken edges are 

normally thought to be more undesirable than rough edges. These 

two visual quality effects (continuity and smoothness) cannot be 

distinguished from each other because they are combined into one 

measure (C). There is one adjustable parameter only in each of 
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Kitchen and Rosenfeld's (y) and Pratt's criteria (a), a was selected 

rather arbitrarily, y, which gives a compromise between continuation 

and thinness, is selected by judging the results of experiments. 

A third problem is the way some of the evaluation schemes 

treat noise pixels. Noise pixels are treated separately from true edge 

pixels in Fram and Deutsch's approach. Pratt's figure of merit scores 

spurious noise pixels the same way as detected edge pixels connected 

to the edge. Bias thus occurs since it scores highly any noise clutter 

found near the true edge, even though it is very destructive. Kitchen 

and Rosenfeld also treated the noise pixels the same way as the 

detected pixels caused by true edge signal. Problems occur when the 

number of noise pixels increases. The thinness score T improves as 

the number of noise pixels increases. (See Fig. 2.3.) This is because 

the noise pixels are normally locally thinner than the detected edge. 

Since the noise pixels are weighted the same as the edge pixels, they 

actually increase the thinness score T. Furthermore, the continuity 

score C of a perfect edge with noise pixels may be worse than a 

broken edge. (See Fig. 2.4.) This is because the noise pixels are 

normally more discontinuous than a detected edge. Thus, the 

continuity score C of Fig. 2.4(a) is smaller than that of Fig. 2.4(b) from 

the noise pixels. 
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Fig. 2.3 The thinness score T of Kitchen-Rosenfeld's 
criterion of (a) is lower that of (b) even if both 
edges have the same width. 
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Fig. 2.4 The continuity score C of Kitchen and 
Rosenfeld's criterion of (a) is lower that 
that of (b) even though the edge of (a) is 
more continuous that the edge of (b). 
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The last problem with the edge detection quality metrics is the 

applicability of the evaluation models. Some of them are applicable 

only to vertical edges. Pratt's approach was originally applied to 

vertical edges and later modified for application to diagonal edges. 

Fram and Deutsch's measure needs the edges to be vertical because 

they define one of the quality measures (P2) to be the fraction of 

rows (of a vertical edge) which are covered by edge points caused by 

the true edge signal. They also performed experiments with 

synthetic oblique edges by rotating the enhanced output until it 

corresponds to a vertical edge. Kitchen and Rosenfeld's measure can 

be applied to virtually any kind of image since they do not use the 

true edge information. However, they need to use the gradient 

direction map to measure the continuity. The score of an edge 

depends not only on the final binary map, but also on the gradient 

direction map. Normally, we are interested in the quality of the 

binary edge map that is to be used in post-processing algorithms. 

How good the edge is depends on the final edge map, not on the 

gradient direction. For example, suppose we are given two images, 

one slightly noisier than the other. By applying the criteria of 

Kitchen and Rosenfeld, the C values of both edges will not be the 

same even if the final thresholded output edge maps are identical. 

Besides, if an edge detector does not generate a direction output, 

their measure can not be applied unless another gradient edge 

detector is applied to generate a direction output so that their 

criterion can be applied. The direction output reflects the quality of 
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the original image "before" being operated on by an edge detector, 

rather than the quality of the final binary edge. Again, this is not 

reasonable because the quality of the test image before it is 

processed by an edge detector is used to evaluate the final output 

edge. 
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CHAPTER 3 

A NEW QUALITY METRIC FOR EDGES 

Historically, resolution and sharpness have been regarded as 

the major factors affecting image quality. Research on quantifying 

picture quality has been conducted since the 1960's [Schade, 1964], 

[Altman, 1967], [Boyce, 1976], [Hunt & Sera, 1976]. Physiologically, 

an image is first optically imaged in the eye, then sampled and 

transduced into electrical stimuli in the retina, and finally processed 

and perceived in the neural system [Levine, 1985]. Image quality is 

interpreted in the upper levels of the neural system [Westheimer, 

1970]. A problem with many studies of image quality is that they 

represent unitary summary measures that are based on the 

assumption (which has been questioned by Huang & Tretiak [1971]) 

that quality is an attribute with a single dimension. Instead, as 

pointed out by Hunt & Sera [1976], image quality should be the 

result of contributions from a number of different perceptual 

dimensions. The questions of importance relate to identifying the 

distinct perceptual dimensions of significance in image quality. 

The idea of quantifying psychological quality is applied here to 

binary edges which contain much less information and whose quality 
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measures may be much simpler than a regular image. As many as 

six quality attributes that could affect human evaluation of edge 

quality are identified. The more quality attributes we find, the less 

bias and misjudgment there would be in the evaluation. 

Furthermore, objective physical measures of these quality attributes 

are developed. These physical measures may not be linear with 

human judgment. Hence, transformations are applied to turn the 

physical measures into more meaningful quality indices of the 

corresponding quality attributes. Each of these quality indices 

indicates how good the quality of the corresponding attribute is. 

Another feature of this new quality metric is that it can be 

adjusted for different users and applications. A set of weights which 

a specific user chooses to apply to each quality attribute can be 

obtained through viewing experiments. The overall edge quality 

score (EQS) of the edge is given by the weighted sum of the six 

quality indices. In this way, the metric can represent the subjective 

opinion of a specific user exclusively. 

3.1 PHYSICAL EDGE QUALITY ATTRIBUTES IN THE NEW 

EDGE QUALITY METRIC 

Six quality attributes are proposed: continuity (C), smoothness 

(S), thinness (T), localization (L), detection (D) and noisiness (N). Edge 

quality can now be looked upon as a function of these six physical 

dimensions. Hereafter, we will use the notations of C, S, T, L, D and N 

for each of the quality indices. Before obtaining these edge quality 
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indices, the following six physical measures are first calculated: b -

the number of breaks, s - average variation (roughness) on both 

sides of the edge, t - average width, I - average displacement from 

the center, d - percentage of true edge pixels which are detected, and 

n - the number of spurious noise pixels. Notice that upper case 

symbols denote the quality indices, whereas lower case symbols 

denote the corresponding physical measures. The quantity of each 

measure can range from zero to a very large number, except d, which 

ranges from zero to one. Transformation is applied to make the 

quality indices range from 0 to 1 (except N, which is scaled from -1 

to 0 to account for its destructive effect). As the edge qualities 

worsen, the indices decrease from 1 to 0 (from 0 to -1 in ATs case). 

For example, if the edge is continuous without any break, the 

continuity index C = 1. If the score of T is 1, an edge of one-pixel 

wide is implied. Detailed measurements of these qualities are 

discussed in Section 3.3. The definitions of the six measures are 

listed in Table 3.1. 



3  1  

Table 3.1 Definitions of the physical quality measures 
(in lower case) and their corresponding 
quality indices (in upper case). 

Edge quality Description Comments 

Continuity C = (1 + bCb)"1 C continuity index 
b number of breaks in the 

detected edge 
Cb normalization constant 

Smoothness S = (1 + s)'1 S smoothness index 
s average variation on both 

sides of the edge 
(roughness) 

Thinness T = f1 T thinness index 
t average width 

Localization L = {\ + 0'1 L localization index 
t average displacement 

(location error) from the 
center 

Detection D =d D detection index 
d percentage of the 

detected true edge 
Noisiness fl. (1 +nCn)"1-1 

N = 
\2. (1+n'CnO ' 1 

Option 2 is chosen 
when the distance 
from a noise pixel to 
the edge is not 
important. Otherwise, 
option 1 is used. 

N noisiness index 
n sum of the reciprocals of 

all the distances from the 
noise pixels to the true 
edge 

n' number of noise pixels 

Cn, 
Cn' normalization constants 

Edge quality 
score (EQS) 

EQS = wcC + ws S + wt T + w (L + wd D + wn N, 
where wc is the weighting factor of C, ws is the 
weighting factor of S, etc. 
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Two versions for the physical measure of noisiness are 

suggested. One version (n) puts more weight on noise pixels closer to 

the edge. If the location of noise pixels is less important, the second 

definition (n') can be used. Cb, Cn and CV are constants used to 

normalize C and N since test images may be of different sizes and/or 

different patterns. In situations where the test images are of the 

same size and pattern, these constants can be set to one. When the 

test images are different, the quality indices C and N are normalized 

according to the dimension of the test images. The normalization 

factor is discussed in Section 3.3. The other four quality indices have 

no normalization factors, since their measures are already based on 

the average quality contribution of the detected edge pixels. 

Although the forms of the quality measures are arbitrary, we 

show later that a useful overall quality metric can be realized by 

judicious choice of the weights assigned to them. The overall edge 

quality score (EQS) is the linear combination of the weighted sum of 

these six quality indices. EQS is still in the range 0 to 1 if the sum of 

the first five weights accounting for the positive quality effects is 

one. Training methods to get these optimum weights are described 

in Chapter 4. 

3.2 THE NEED FOR TRAINING 

As addressed in Section 2.2, it is inevitable that the evaluation 

criteria vary with the application and the user. Several edge 

properties may affect the human evaluation of edge quality, and the 
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importance of these properties also may depend on factors such as 

the experience of the observer and the type of task to be performed. 

Different edge properties could be weighted in different situations 

for more precise descriptions of edge quality. Fixed criteria are not 

always satisfactory in every situation. The decision of how good an 

edge is depends not only on the user's opinion but also on the 

property of the task to be performed. The evaluation criteria can not 

be the same in different situations 

For example, in three-dimensional pattern recognition 

applications, the position of the edge is essential in calculating the 

distance to an object. Small displacement errors can result in 

intolerable distance errors. In this situation, we might select an 

edge detector which locates edges with high precision, while 

performing fair with respect to other edge quality attributes. This 

does not mean the other quality attributes are not important. It is 

just that more emphasis is put on the localization factor than on the 

other quality attributes. As a second example, let us suppose the 

objective of another edge detection task is to find the boundaries of 

objects for the purpose of region classification, which requires the 

edges to be connected without break. We would therefore put more 

emphasis (weight) on the continuity of the edge in the evaluation. It 

is obvious that the evaluation criteria applied in the first and the 

second examples are not the same. If the evaluation criterion is 

fixed to suit a certain situation, it could result in unwanted bias in 

another situation. It is also important to consider the possibility of 
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performing post-processing on the edge maps. For example, if we 

already have an edge thinning routine available, we may care little 

about whether the edge is thick or not but emphasize the other 

quality attributes. 

From the above, we can deem edge quality evaluation to be a 

process of finding a best compromise between all possible edge 

quality attributes, which affect human judgment about a good edge 

in different conditions. This is attained quantitatively by assigning 

weights, obtained from training experiments or the user's subjective 

decision, to each of the quantified quality indices according to their 

relative importance. The overall edge quality score EQS is defined as 

the linear combination of the weighted sum of the quality indices 

and is given by 

EQS = wcC + wsS + wt T + w [L + + w nN, (3.1) 

where wc is the weighting factor of quality index C, ws is the 

weighting factor of S, etc. By varying the weights, we obtain edge 

quality criteria which differ according to the user's opinion, which 

itself is a function of the application. 

This adjustable model is quite different from the other two 

existing categories of quantitative edge quality metrics (or image 

quality metrics). The first category of quality metrics, such as Pratt's 

figure of merit, represent unitary summary measures of edge (or 

image) quality. Here, a single measure represents the overall quality 

of an edge. The second category of quality metrics is obtained by 

first postulating a quantitative evaluation model and then correlating 
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the model parameters with the results of viewing experiments 

involving one or more observers. Finally, the evaluation metrics of 

the second categories are fixed, and therefore represent the 

consensus of the observers. The metrics of the second category are 

generally less subjective than the first one. However, the metrics in 

both cases are fixed. History has shown that a simple, fixed edge 

metric is hardly likely to be useful over a wide range of applications. 

By using our approach, users can derive an edge metric which is 

tailor-made for a given application. 

3.3 COMPUTING THE EDGE QUALITY METRIC 

Let us assume that a test image has been processed by an edge 

detector, and that the resulting output has been thresholded to yield 

a binary edge map. Let us also assume that the weights wc, ws, ... wn 

have been derived using the independent training procedure 

detailed later in Chapter 4. 

3.3.1 Preliminaries 

Three kinds of preprocessing are required before measuring 

the quality indices. The first preprocessing generates a position table 

for the true edge pixels, which later facilitates finding the distance 

from the true edge to each detected edge pixel. If the same test edge 

pattern is used to compare different edge detectors, this needs to be 

done only once. Secondly, we separate noise pixels from valid edge 

pixels. Finally, we divide the edge map into two parts, one on each 
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side of the true edge, in order to study the properties on both sides 

of the detected edge. 

Position table for true edge pixels 

The distances from the detected edge pixels to the true edge 

are important in measuring how smooth, how thin, and how 

accurately localized a detected edge is. With the position table of the 

true edge, the shortest distance from a detector output edge pixel to 

the true edge can thus be obtained without knowing the geometry 

and location of the true edge. The data structure of the pointer 

linked lists provides a quick searching method for finding the closest 

true edge pixel without searching through all the true edge pixels. 

The position table structure consists of three parts: the true 

edge pixel position array, the x-coordinate pointer array, and the y-

coordinate pointer array. (See Fig 3.1.) We follow the true edge and 

enter the positions of the true edge pixels sequentially into the data 

structure. Suppose the position of the nth pixel is (x,y). First, x and 

y are entered into the position table at address n. Then at the end of 

the x-coordinate pointer array, we add a pointer to the nth record of 

the position table. The same is done for the y-coordinate pointer 

array. 
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x-coordinate pointer array 

Position table of true edge 

•NULL 

y-coordinate pointer array 

•NULL 

Fig. 3.1 Data structure for fast searching of the closest 
true edge pixel from a given detected edge pixel. 

After the position table is built, the closest edge pixel on the 

true edge from a detected edge pixel can be located. For example, 

suppose we want to calculate the distance between a triangle (the 

true edge) and an edge pixel p at (xq, yo). (See Fig 3.2.) 
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Fig. 3.2 The distance between a given pixel (xo, yo) and 
the the triangular edge can be easily decided by 
using the data structure in Fig. 3.1 to find the 
closest true edge pixel p17. 

From the x-coordinate pointer linked list at xo, the 10th and 

40th true edge pixels (pio, P4o) are found to be on the line x = xo. 

From the position array, we can obtain the positions of pio and P40. 

This tells us that pio is the closest pixel from (xo, yo) in the y 

direction. Likewise, we may decide P20 is the closest true edge pixel 

from (xo, yo) in the x direction. By searching from the 10th true edge 

pixel to the 20th true edge pixel, the closest true edge pixel, pn in 

this example, can be found. 

Identifying spurious noise pixels 

Spurious noise pixels have adverse effects on edge quality 

evaluation. They should be treated differently from those edge 

pixels which are caused by the real edge signal. Fram and Deutsch 
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[1975, 1978] solved this problem by defining an edge region outside 

which any detected pixels are assumed to be noise related. Their 

model is not used here because it is difficult to define the width of 

the edge region, which actually depends on both the blurring width 

of the original edge image and the blurring effect of the edge 

operator. 

Noise pixels are separated from edge pixels as follows. First, 

use the true edge map as a mask and label all the pixels on the 

detected edge map that overlap with the true edge pixels. Second, 

use these labeled pixels as seeds and label any pixels which are 

connected to them until no pixel can be marked. (See Fig. 3.3.) 

+ 

(a) (b) (c) 

Fig. 3.3 Noise pixels (c) are separated from edge pixels 
(b) and evaluated differently for their 
destructive effect. (a) is the original detected 
edge map. 

The labeled pixels of the detected edge are considered to 

comprise the 'clean' noise-filtered edge. The remaining unlabeled 

pixels are considered to be noise. Now that the edge is isolated from 
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the noise background, we will evaluate only the qualities of the 

noise-filtered edge and penalize the adverse effect of the noise 

background. 

Dividing the true edge map into two regions 

outer, 

inner 

(a) (b) 

Fig. 3.4 For a line edge (a), the edge map is divided into 
left and right regions. For a closed loop edge (b), 
the edge map is divided into inner and outer 
regions. 

To study the properties on both sides of the detected edge, the 

true edge map is divided into two regions. For a line edge, it is 

divided into left and right regions. For a closed loop edge, it is 

divided into inner and outer regions. (See Fig. 3.4.) This is easily 

achieved by first choosing a seed pixel at the upper left border and 

then labeling all the connected pixels that are not true edge pixels as 

pixels in the left (or outer) region. 
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3.3.2 Measurement of edge quality indices 

In order to get the final quality indices (C, S ,  T ,  D ,  L ,  N ) ,  their 

corresponding physical measures (b, s, t, d, (, n) must first be 

calculated. (See definitions of these quality measures and quality 

indices in Table 3.1.) Unlike n and b, which are the measures of the 

total number of noise pixels and the total number of breaks of an 

edge, respectively, the other four measures (s, t, d, 0 are based on 

the 'average' contribution of the detected edge pixels. For example, 

in Fig. 3.5, we show a detected edge caused by a true edge composed 

of ten pixels. The 'instantaneous' width of the edge segment caused 

by the first true edge pixel is two, and the width of the second is one, 

etc. The sum of the widths of the ten edge segments is 21. Hence, 

the average width of the detected edge (t) is 2.1. Quality measures s, 

d, C are calculated in a similar way. In order to obtain the 

instantaneous quality contributions of a given true edge pixel, we 

must be able to identify the detected edge pixels which are caused 

by this given true edge pixel. (Recall from the previous section that 

detected edge pixels must be connected to the true edge. All others 

are treated as background noise.) We will assume that each given 

detected edge pixel was caused by the closest true edge pixel. 

Information such as the number of detected edge pixels caused by a 

true edge pixel, the extensions caused by these detected edge pixels, 

and the center of these detected pixels are recorded in an edge 

distribution table for each of the true edge pixels. The detailed 

calculations are shown later in this section. 
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Fig. 3.5 The detected edge (a) is separated into 
infinitesimal edge segments (b) caused by each 
of the true edge pixels. The quality 
contributions of each of the segments are 
entered into Table 3.2. 

Calculating the edge distribution table 

The structure of the edge distribution table is shown in Table 

3.2. This table is used to get the quality indices S (smoothness), C 

(continuity), T (thinness) and D (detection). Each row is a record for 

one true edge pixel. 
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Table 3.2 Edge distribution table used to measure the 

smoothness, continuity, thinness and 
detection of an edge. The data shown 
correspond to Fig. 3.5. 

n TN(n) TD(n) LD(n) RD(n) 

1: 2 -1 (-1+0) - 1 0 

2: 1 0 0 0 

3: 2 1 (0+1) 0 1 

4: 4 -2 (-2+-1+0+1) -2 1 

5: 2 2(0+2) 0 2 

6: 1 0 0 0 

7: 2 -1 (-1+0) - 1 0 

8: 2 -1 (-1+0) -1 0 

9: 1 0 0 0 

10: 2 0(-l + l) -1 1 

TN(n) - Total number of the detected edge pixels caused 
by (or closest to) the nth true edge pixel. 

TD(n) - Sum of the distances between the detected edge 
pixels caused by the nth true edge pixel, and the 
nth true edge pixel. 

LD(n) - The leftmost (or outermost) excursion distance of 
the detected edge pixels caused by the nth true 
edge pixel. 

RD(n) - the rightmost (or innermost) excursion distance 
of the detected edge pixels caused by the nth 
true edge pixel. 
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From Table 3.2, we see that the width of the first edge segment 

is 2, which is given by RD(1)-LD(1)+1. The instantaneous location 

error, given by TD(1)/TN(1), is -0.5. (The value of -0.5 implies that 

the center of the first segment is 0.5 pixel intervals left of the true 

edge.) Since TN(1) is larger than one, the first true edge pixel is 

deemed detected. The instantaneous roughness (variation on both 

sides) near the first true pixel is 1, which is defined as |LD(1)-LD(2)| 

+ |RD(1)-RD(2)|. The 10th true edge pixel is also considered detected 

since TN(10) is larger than 1. Although the 10th true edge pixel is 

not picked up by the edge detector, it is reasonable to assume that its 

neighboring two pixels are caused by the 10th true edge pixel. 

However, the 10th edge segment will be penalized in the other 

quality measures. The final quality measures (s, t, d, /) of the edge 

are averages of all these instantaneous contributions. 

To build the table, all detected edge pixels on the noise-filtered 

edge map are scanned. On locating an edge pixel, we first decide 

which true edge pixel causes it. By our definition, a detected edge 

pixel is caused by the closest true edge pixel. This information can 

be determined from the position table of the true edge. If a detected 

pixel is in the left region or outer region, the distance is set to be 

negative, and vice-versa. Consider the example shown in Fig. 3.5 and 

Table 3.2. The edge map of Fig. 3.5 is scanned from left to right and 

then from top to bottom. The first scanned detected edge pixel 

(upper-left pixel) is obviously caused by the first true edge pixel. 

Since this detected edge pixel is momentarily the only one caused by 
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the first true edge pixel (since the old TN(1) = 0), it is now both the 

rightmost and leftmost pixel caused by the first pixel. LD(1) and 

RD(1) are both set to be -1. Then TN(1) is incremented by 1, and 

TD(1) is incremented by -1 (the distance). (For the definitions of the 

above notations, see Table 3.2.) The second scanned detected edge 

pixel (upper-right) is also caused by the first true edge pixel and the 

distance between them is 0. Since it is momentarily the rightmost 

detected edge pixel of the first true edge pixel (since the old LD(1) = 

RD(1) = -1, and 0 > - 1), RD(1) is set to 0. TN(1) is incremented by 1 

(now TN(1) = 2). TD(1) is incremented by 0. This process is 

continued until the noise-filtered edge map is scanned once. 

3 + • detected edge pixel 

n TN(n) TD(n) 

1  

2  

Nc^ true edge pixel 

LD(n) RD(n) 

1 1 0 0 0 
2 0 0 0 0 

1 1.5 0.5 0 1 
2 0.5 0.5 1 1 

1 1.5 0.5 0 1 
2 1.5 0.5 0 1 

Fig. 3.6 The modification of the contents of the edge 
distribution table is shown after each detected 
edge pixel is scanned, in the situation when a 
detected edge pixel could be caused by two true 
edge pixels. 
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If two true edge pixels are found to have the same shortest 

distance from the detected edge pixel, which is possible when the 

true edge is diagonal or curved, this detected edge pixel is then 

treated as a mass and equally divided for each of the two true edge 

pixels. For example, in Fig. 3.6, the first and the second true edge 

pixels are both closest to the upper-right pixel. We thus assume that 

half of this detected edge pixel is caused by the first true edge pixel, 

and the other half by the second true edge pixel. The steps for 

modifying the values of the edge distribution table are shown for 

each detected edge pixel in Fig. 3.6. The difference in treating the 

divided pixel is that the increments of TN(n) and TD(n) are weighted 

by 1/2. RD(n) and LD(n) are treated the same way as before. The 

first scanned detected edge pixel (left) in Fig. 3.6 is caused by the 

first true edge pixel and the distance between them is 0. LD(1) and 

RD(1) remain at 0. TN(1) is increased by 1. The second scanned 

pixel (upper-left) has equal distances from the first and second true 

edge pixels. This pixel is thus divided into two halves, one for the 

first true edge pixel, and one for the second. TN(1) and TN(2) are 

both incremented by 0.5. TD(l)and TD(2) are both incremented by 1 

x 0.5 (distance x 0.5). RD(1) is replaced by the distance 1, since the 

second detected pixel is now the rightmost pixel caused by the first 

true edge pixel. LD(2) and RD(2) are both set to be +1, since the 

second detected pixel is momentarily the only one caused by the 

second true edge pixel and it falls in the right region. For the third 

scanned edge pixel, it is now the leftmost pixel caused by the second 
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true edge pixel. Hence, LD(2) is replaced by 0 (the distance to the 

second true edge pixel), and TN(2) is increased by 1. 

Edge quality index measurement 

Quality indices S, T, L and D are derived from the edge 

distribution table discussed above. C is obtained by calculating the 

number of break points in the noise-filtered edge output. iV is a 

measure of the degradation caused by the background noise map. 

Several notations used in the measurements are defined in Table 3.3. 

Table 3.3 Definitions of several notations used in the 
quality measurement. 

notation definition 
n t r u e  number of true edge pixels 
n a c t u a l  number of edge pixels in the noise-filtered 

edge map 
n n o i s e  number of noise pixels 
n d e t e c t  number of edge pixels detected (the nth true 

edge pixel is deemed detected if TN(n) is not 
zero) 

n t r u e  

"detect = 2>(n), (3.2) 
n=l 

[l; if TN(n)> 1  ; 
where u(n) = 

|TN(n); if 0<TN(n)<l. 

a. Thinness ( T )  

The instantaneous width at the nth true edge pixel is 
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[RD(n)-LD(n)+l; TN(n) > 0 

TN(n) = 0. 

where TN(n) = 0 implies that the nth true edge pixel is not detected. 

The average detected edge width is given by 

t (n)= „  _  . „ (3 .3)  
10; 

11 true 
Z t(n) 

t = —— (3.4a) 
n  d  e  t  e  c  t  

A simpler and faster measure of t is accurate if the detected edges 

are mostly solid. In this case, 

t = nmlml (3 4 b )  

^ d e t e c t  "  

Hence, the thinness index is given by 

T = fi. (3.5) 

b. Smoothness (S) 

The instantaneous variations at both sides of the nth true edge 

pixel are measured by 

s(n) = |RD(n) - RD(n+l)| + |LD(n) - LD(n+l)|. (3.6) 

The average variation of uniformity (roughness) on both sides of the 

edge is given by 

ntrue*1 

S  s( n )  

^ (3.7) 
"true 

Finally, the smoothness index is given by 

S = s-1. (3.8) 
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c. Localization (L) 

The instantaneous location displacement at the nth true edge 

pixel is given by 

f (n) = 1 

TD(n) 
; TN(n) > 0 

(3.9) TN(n) 

-0; TN(n) = 0. 

This can also be viewed as the horizontal (or vertical) distance 

between the true edge and the center of gravity of the edge pixels 

caused by the nth true edge pixel. The average location 

displacement is measured by 

[= 

n t r u e  

S 1  ( n )  
n =  1  

^detect-

Hence, the localization index is 

L  =  [ - 1 .  

(3.10) 

(3.11) 

d. Detection (D) 

The percentage of detected true edge pixels is given by 

d = ^ d e t e c t  

n t r u e  •  

The detection index is 

D - d .  

(3.12) 

(3.13) 

e. Noisiness (N) 
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In general, noise pixels are more destructive the closer they 

are to the true edge. Hence, the weight given a close-in noise pixel 

should penalize the overall edge quality metric more than a distant 

one. Thus, we sum the reciprocals of the distances from each noise 

pixel to the true edge to yield a measure which accounts for the noise 

effects. Hence, the measure of noisiness is given by 

where di is the distance between the ith noisy pixel and the true 

edge. If the distance is not considered to be important, another 

measure can be used. Here, the measure of noisiness is given by 

Cn and Cn' are normalization constants. Normalization constants are 

set to be one if test images of the same size and pattern are used. 

However, if we are to evaluate and compare the edge quality of 

images with different edge patterns or sizes, normalization is needed. 

Since n are not based on the average quality contribution of the 

detected edge pixels, we need to normalize it. 

For example, suppose the detected output of a second type of 

image is evaluated and is to be compared to the quality of the 

detector output of an original type of image. Here, the second type of 

(3.14a) 

n — nnoise-

Finally, the noisiness index is given by 

(3.14b) 

1.  (1+nCn)" 1 -1  

2.  ( l+n'CV)"1-! .  
(3.15) 
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image is considered as the evaluated image and the original as the 

reference image. Now, also consider the situation when the image 

sizes (areas) of the two type of images are different. Since the 

number of noise pixels n' increases proportionally with the area of 

the image, Cn' is set inversely proportional to the area of the image 

to normalize the effect of different image sizes. It is given by 

q area of the reference image 
n "area of the evaluated image. 

If we neglect the noise pixels far from the edge, n is approximately 

proportional to the total length of the edge pattern (or the number of 

true edge pixels). Hence, Cn is set inversely proportional to the 

length of the edge in test pattern. It is given by 

c = length (ntrue) of the reference edge(s) 
n ~ length (ntrUe) of the evaluated edge(s). 

f. Continuity (C) 

The continuity index is obtained by first measuring the number 

of edge segments in the noise-filtered edge map. The technique of 

region labeling (blob coloring) [Ballard & Brown, 1982] is used to get 

the number of edge segments. However, the previous region labeling 

algorithm only applies to 4-connected regions and fails to label lines. 

A modified region labeling algorithm is proposed in Appendix A, 

which can label line segments and any complex 8-connected regions. 

After the number of edge segments (nseg) is obtained, the number of 
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breaks b of that edge can also be obtained. The number of breaks is 

given by 

{nseg -1; for line edges; 
(3.18) 

nseg; for closed loop edges. 

When one segment exists, the loop edge could have one break or no 

break. These cases can be distinguished by checking to see if the 

inner region is connected to the outer region. There is no break if 

those two regions are not connected. Finally, the continuity index is 

given by 

c=ttW (3J9> 
where Cb is a normalization constant for different test patterns. 

Since the number of breaks is proportional to the total length of the 

edge pattern, then, Cb is set inversely proportional to the lengths of 

edge patterns (or the number of true edge pixels) and is given by 

_ length (n t rue )  of the reference edge(s) 
b_ length (ntrue) of the evaluated edge(s). 

g. Overall edge quality score (EQS) 

The overall edge quality score EQS is the weighted sum of the 

above six quality indices. (See equation (3.1).) The weights are 

derived by the training process described in the next chapter. 

3.4 SUMMARY 
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This chapter presented a new edge quality evaluation metric, 

which is based on the indices of six quality attributes. These six 

quality indices are the continuity, smoothness, thinness, localization, 

detection and noisiness of an edge. Since these six quality attributes 

can have different significance to different users and in different 

applications, we make the evaluation metric adjustable by assigning 

different weights to each of the corresponding quality indices. The 

weights, which represent a specific opinion about the compromise of 

the six quality indices, are obtained from training experiments or 

assigned arbitrarily by the user. 

Another feature of the new edge quality evaluation metric is 

that noise pixels are separated and treated differently. Since the 

spurious noise pixels have adverse effects on the quality of an edge, 

it is more reasonable to separate the detected edge pixels that are 

caused by the true edge from the background 'sea of noise' [Lunscher 

& Beddoes, 1986]. Moreover, more freedom in choosing edge 

patterns is possible. Test images are not restricted to straight lines. 

In the present implementation, test images can be curved lines or 

closed loop objects of any shape. Synthetic or real test images can 

both be applied as long as we have prior knowledge of the true edge. 

The method for measuring the six quality indices was 

introduced in this chapter. By our definition, the final edge quality 

score EQS is the weighted sum of the six quality indices. In the next 

chapter, training procedures for obtaining the weights are discussed. 
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CHAPTER 4 

TRAINING PROCEDURE FOR THE EDGE METRIC 

In Chapter 3, we proposed a new edge evaluation metric based 

on six quality indices. The final edge quality score EQS of the 

criterion is a weighted sum of the six quality indices, where the sum 

of the first five weights (corresponding to the positive edge qualities) 

is unity in order that the EQS of a perfect edge is unity. In the 

extreme case, for example, a weight of 1 infers that the final edge 

quality score depends entirely on only one physical quality index. 

Since quality evaluation is somewhat subjective, the metric must be 

adjustable for different users or for different applications. 

Therefore, the next problem is to do subjective viewing experiments 

and correlate the experimental results with the proposed evaluation 

model. Since our evaluation model assigns different weights to the 

six measured quality indices according to their relative importance to 

a specific individual, we need some training procedures to obtain 

these weights. Through these viewing (training) processes, the 

metric is tuned to represent the subjective opinion of the user. 

Three training methods are suggested for obtaining these weights in 

this chapter. 
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Before training, test images must be prepared with edge properties 

distributed uniformly in the quality index domain of most interest to 

the user. Since edge quality score EQS is a function of the six quality 

indices, we can treat the set of six quality indices as a vector in a six-

dimensional quality space, where the quality index vector Q is 

defined as 

QT = [C, S, T, L, D, N], (4.1) 

If the quality index vectors of all the test images are concentrated in 

a certain area of the six-dimensional quality space, the evaluation 

criterion will be accurate in this region, but not necessarily so when 

evaluating a picture whose quality index vector falls outside this 

region. The final edge quality score EQS, given by 

EQS = WrQ, (4.2) 

is the inner product of the quality index vector Q and the weight 

vector W, where W is given by 

WT = [wc, ws, wt, xv(, wd, wn]. (4.3) 

4.1 ABSOLUTE GRADING 

Before training, we first select binary test images (edge 

samples) with different edge properties distributed uniformly in the 

quality space. In other words, these binary edges need to have 

different degrees of continuity, thinness, smoothness, localization, 

detection and noisiness. Then these edges are graded and assigned 

subjective scores. s(n) is the assigned score of the nth test image, 
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and it ranges from 0 (very poor edge) to 1 (perfect edge). Q(n) is the 

quality index vector of the nth test image, given by 

QT(n) = [C(n), S(n), T(n), L(n), Z>(n), N(n)]. (4.4) 

Suppose there are N test images. Then there will be N measured 

quality index vectors Q(n) and N subjectively assigned scores s(n). 

The edge quality score EQS of the nth test image is given by 

EQS(n) = WT(n)Q(n), (4.5) 

where W (n) is the instantaneous weight vector estimate when the 

nth test image is applied, and is given by 

WT(n) = [wc(n), ws(n), wt(n), w^(n), Wd(n), wn(n)]. (4.6) 

The objective of absolute grading training is to find a weight 

vector that results in values of measured edge quality scores which 

best correspond with the scores assigned by the trainer. The LMS 

adaptation (or stochastic gradient) algorithm [Widrow & Hoff, 1960, 

Widrow, 1970, Haykin, 1986] is used to get the optimum weight 

vector W0pt by minimizing the least mean square error of the 

differences between N values of the estimated scores (quantitative 

edge quality scores) EQS and N values of the desired scores 

(subjectively assigned scores) s(n). A significant feature of the LMS 

algorithm is its simplicity; it does not require measurements of the 

pertinent correlation functions; nor does it require matrix inversion. 

The recursive relation for updating the quality weight vector is 

W(n+1) = W(n) + |iQ(n)e*(n), (4.7) 

where 

e(n) = s(n) - WT(n)Q(n) = s(n) -EQS(n). (4.8) 
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e(n) is the estimation error based on the instantaneous estimate of 

the weight vector. |iQ(n)e*(n) represents the correction that is 

applied to the current estimate of the quality weight vector W (n), 

and |x is the adaptation step. 

The interactive procedure is started with an initial guess W (1). 

By applying Q(l) and s(l) of the first test image as inputs to the 

recursive adaptation equations in (4.7) and (4.8), we can obtain the 

adjusted weight vector W (2). This operation continues for the 

following test images until all N values of s(n) and Q(n) are applied. 

Here, W(N+1) is the final adapted weight vector of this first iteration. 

W(N+1) is then used as the initial weight vector W(l) for the second 

iteration of the N sets of input data. N sets of s(n) and Q (n) are 

applied to the recursive algorithm again and again until an optimum 

weight vector is reached. This adaptive procedure is ended when the 

difference between the mean of the estimation errors e(n) of the 

current iteration of N test images and e(n) of the previous iteration is 

smaller than a given threshold. The optimum weight vector Wopt, 

which is optimum in a probabilistic sense, minimizes the least mean 

square error between N sets of assigned scores s(n) and the 

measured edge quality score EQS, and is given by the mean of the 

weight vector of the last iteration. (i.e. smoothing is effectively 

performed in the weights during the last iteration.) The method of 

absolute grading is summarized as follows: 

1. Choose an initial guess W (1), which can be any vector in the 

weight space, (e.g. it can be a null vector.) 
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2. Prepare s(l) and Q(1) of the first test image as inputs. 

3. Applied equations (4.7) and (4.8) on the inputs to adjust the 

weight vector. 

4. Prepare s(n) and Q(n) of the next test image, and repeat steps 3 

and step 4 until all N sets of test images are applied. W(N+1) is the 

final adjusted weight vector of current iteration. 

5. Set W(N+1) to W(l) and repeat step 2 to step 4 until the mean of 

the N sets of estimation errors is smaller than a threshold. 

4.2 RELATIVE GRADING 

Here, the binary test images are first sorted in order from best 

to worst according to the trainer's judgment. The best image is 

assigned rank one, the second best image rank two, and so on. This 

time no absolute scores are assigned. The objective of this approach 

is to find a quality weight vector W0pt which minimizes the total 

ranking error between the subjective ranks assigned by the user and 

the ranks of the quantified edge quality scores EQS. The cost 

function (total ranking error) is defined as 
n t e s t  image  

error = £ |rankm etr ic(n)-ranku s e r(n)| (4.9) 
n= 1 

If we quantize each dimension of the weights into 10 levels, we 

would have to calculate the rankings of the quantified quality scores 

for each of the 106 possible weight vectors in the six-dimensional 

weight space. This is obviously very time consuming and the 

resolution is poor (0.1). Therefore, another numerical searching 
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method has to be applied. Since now the emphasis is on relative 

ranking of the quantified scores, only the direction of the weight 

vector is of importance. The magnitude of the weight vectors does 

not influence the relative ranking. Therefore, the problem reduces to 

finding a point on the wc+ws+wt+w^ + w(j+wn=l plane in the six-

dimensional weight space. With the above constraint, the search 

range is greatly reduced. Figure 4.1 shows an example in two and 

three dimensions. 

(1, 0, 0) 

0, 
W 

(0, 1) 

(1. 0) 

(a) (b) 

Fig. 4.1 In the relative grading and optimum 
thresholding approaches (introduced in later 
section), the optimum weight vector to be found 
is: (a) a point on line wc+ws =1 in two-
dimensional weight space; or (b) a point on plane 
wc+ws+wt = 1 in three-dimensional weight space. 

We also exploit the (experimentally confirmed) fact that the 

total ranking error curve of any two dimensions is unimodal. Hence, 
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we can apply a searching method similar to a binary search except 

here the searching range is divided into five levels instead of two. 

(See Fig. 4.2.) In the first iteration, the whole range is searched. The 

searching range of the weights in each dimension is 1 (0 to 1) and 

the searching step is 0.25 (1/4). After the first iteration, the weight 

vector W i which gives the minimum total ranking error can be 

found. In the second iteration, the searching range is narrowed by 

one half to 0.5 with W ] as the center of search, and with a new 

search step of 0.125 (0.5/4). The minimum ranking error occurs at 

W2. The iterations are ended when the minimum total ranking error 

is reached. Figure 4.2 illustrates an example in two dimensions. This 

method extends to our six-dimensional application in a similar way. 

(See Appendix B.) 

Finally, the optimum weights obtained are normalized so that 

the score of a perfect edge would be one. Since the quality index 

vector of a perfect edge is [1, 1, 1, 1, 1, 0], normalization is done by 

letting the sum of the first five weights which account for positive 

edge quality effects be one. 
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error curve • first iteration 

• second iteration w 

a third iteration 

Fig. 4.2 This two-dimensional example illustrates the 
fast searching method in finding a weight vector 
that minimizes the total ranking error in relative 
grading approach, or the total false guess error 
in optimum thresholding approach (introduced 
later). 

4.3 OPTIMUM THRESHOLDING 

Here, the optimum weights are derived by directly processing 

the unthresholded edge detector outputs instead of the binary edge 

maps. Training is used to select a threshold that results in a best 

binary edge according to the opinion of the trainer. Again, the result 

will be the best one if the quality indices of the test images are 

distributed uniformly throughout the quality index domain. 
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The edge evaluation criterion can be used to select a threshold 

that maximizes the edge quality score EQS of the thresholded binary 

image. Given different weight vectors, the resulting evaluation 

criteria will not be the same. The goal of this optimum thresholding 

method is to find a weight vector Wopt, that results in an evaluation 

criterion by which the threshold selection best corresponds with the 

s e l e c t i o n  o f  t h e  u s e r .  S u p p o s e  t h e  m a x i m u m  e d g e  q u a l i t y  s c o r e  E Q S  

occurs at threshold TmetrjC, and the threshold chosen by the trainer is 

T u s e r -  I f ,  f o r  a  g i v e n  t e s t  i m a g e ,  t h e  o p t i m u m  t h r e s h o l d  T m e i r i c  

'chosen' by the evaluation criterion is the same as the threshold Tuser 

chosen by the user (TmetrjC — Tuser), the threshold selection of this test 

image is deemed correctly 'guessed' by this evaluation criterion. We 

need to find an optimum weight vector W0pt for which the 

evaluation criterion minimizes the number of false guesses. The 

other auxiliary condition is to minimize the total of the threshold 

miss distances (|Tmetric - Tuserl) of the false guesses. The cost 

functions (total number of error guess and total threshold miss 

distances) are defined as 

ntest image 
error 1 = ^ (1, if TmetrjC(n) ^ Tuser(n)), and (4.10a) 

n=l 

ntest image 
error2 = |Tm e t r i c ( n )~Tuser(n)l . (4.10b) 

n=l 

To find the optimum weight vector in the weight space, we 

apply the fast searching method suggested in Appendix B, which 

narrows the searching range gradually to avoid large amounts of 
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computation. This algorithm will work provided the error curve is 

unimodal. At present, we are not able to prove analytically that the 

error curve is unimodal. Before optimizing the errors in eq. (4.10), 

we need to first maximize the EQS by selecting an optimum 

threshold, giving a weight vector. It makes the problem more 

complex, since it becomes a problem of optimization within 

optimization, and the thresholding process itself can not be described 

analytically. However, it is found computationally that the error 

(false guesses) curve of any two dimensions of weight space is 

unimodal. Moreover, we also tried several searching steps and 

randomly varied the starting point in weight space. The errors 

converges to the same magnitude, although some of the weights are 

somewhat different. This is because the error curve is relatively flat. 

For somewhat displaced weights vectors, the errors might still be the 

same. Hence, this fast searching method is experimentally proven to 

be valid. Therefore, it is felt that the resolution may not a very big 

issue. Instead, we can search the whole space at the expense of 

lower resolution. In the next section, the results of the three training 

methods are compared. 

4.4 EXPERIMENTAL RESULTS 

Test images 

The test pattern used here is a 64 x 64 pixel image containing a 

single vertical step edge. This step edge image is blurred by ten 

different Gaussian functions, given by 
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Gaus(x) = 
1 -x2 

i exp(;rrj), 
V 27tOb2 

(4.11) 

where the standard deviations ab of the ten Gaussian functions range 

from 0 to 9. Each of the ten blurred test images is combined with ten 

different levels of additive uncorrelated white noise. The standard 

deviations an of the white noise are chosen so that the signal-to-noise 

ratios (SNR), defined as 

range from 22-5 to 2? in incremental factors of 20-5, where H is the 

height of the edge. Thus, we generated 100 test images with 

different degrees of blur and noise. 

Three gradient edge operators are used: Sobel's, Prewitt's and 

Roberts'. (Note that the training process is independent of the edge 

detectors used.) The gradient for these edge operators can be 

computed from either the sum of the absolute magnitudes or the 

square root of the sum of squares of the x and y gradients. Thus, 

there are six variations: Sobel-square, Sobel-absolute, Prewitt-

square, Prewitt-absolute, Robert-square and Robert-absolute. The 

100 images with different degrees of blur and noise were processed 

by the six operators, resulting in 600 output edge maps. The output 

edge maps are separated into two groups: the first group (500 output 

edge maps of the edge detectors except Prewitt-square) are used as 

the test images for the three training processes; The second group 

(100 output edge maps of Prewitt-square operator) are used 

(4.12) 
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independently to verify how well the trained evaluation criteria 

correspond with the opinion of the trainer. 

Training 

For the training of the absolute and relative grading methods 

(in Section 4.1 and 4.2), we picked out 36 thresholded binary images 

with quality indices distributed uniformly in the six-dimensional 

quality space from the first group of test images. This was done by 

calculating the quality indices at every threshold of all the test 

images and choosing binary edge maps with quality indices 

distributed uniformly in the quality space. In reality, they do not fill 

the whole space because of the difficulty in generating all variations 

of the binary test images. After these 36 binary edge maps were 

chosen, they were ranked in order from best to worst. Then they 

were assigned scores ranging from 1 (perfect) to 0 (very poor). The 

results of the absolute grading method are shown in Table 4.1, which 

includes the obtained weights, the trainer-assigned scores and the 

estimated scores based on the obtained weights. The results of the 

relative grading method are shown in Table 4.2, which includes the 

quality index vectors, the trainer's subjective ranking and the 

estimated ranking based on the obtained weights. The estimated 

results are very close to the opinion of the trainer. 



4.1 The results of absolute grading and the 
obtained quality weights. (The corresponding 
quality indices are the same as in Table 4.2.) 

********** absolute grading ********** 

wc = 0.1464 
ws = 0.1311 
wt = 0.0815 
wl = 0.0635 
wd = 0.4851 
w n = 0.1031 

No. 0 subjective score = 100.000 EQS = 90.753 
No. 1 subjective score = 98.000 EQS = 88.415 
No. 2 subjective score = 97.000 EQS = 90.510 
No. 3 subjective score = 95.000 EQS = 96.427 
No. 4 subjective score = 94.000 BQS = 91.218 
No. 5 subjective score = 93.500 EQS = 92.301 
No. 6 subjective score = 92.000 EQS = 90.572 
No. 7 subjective score = 91.000 EQS = 88.909 
No. 8 subjective score = 90.000 EQS = 90.667 
No. 9 subjective score = 89.000 EQS = 91.676 
No.10 subjective score = 87.000 EQS = 88.705 
No. 11 subjective score = 88.000 EQS = 86.076 
No.12 subjective score = 86.000 EQS = 90.147 
No. 13 subjective score = 80.000 EQS = 86.477 
No. 14 subjective score = 79.000 EQS = 81.591 
No.15 subjective score = 78.000 EQS = 80.730 
No.16 subjective score = 78.000 EQS = 79.940 
No. 17 subjective score = 75.000 EQS = 77.112 
No.18 subjective score = 74.000 BQS = 77.426 
No.19 subjective score = 73.000 BQS = 72.525 
No.20 subjective score = 72.000 BQS = 79.162 
No.21 subjective score = 71.000 BQS = 76.354 
No.22 subjective score = 71.500 BQS = 73.867 
No.23 subjective score = 71.000 BQS = 68.915 
No.24 subjective score = 69.000 BQS = 62.492 
No.25 subjective score = 70.000 BQS = 73.033 
No.26 subjective score = 70.000 BQS = 72.486 
No.27 subjective score = 70.000 BQS = 70.357 
No.28 subjective score = 69.000 BQS = 61.787 
No.29 subjective score = 68.000 BQS = 71.491 
No.30 subjective score = 66.000 BQS = 65.295 
No.31 subjective score = 65.000 BQS = 70.678 
No.32 subjective score = 63.000 BQS = 61.919 
No.33 subjective score = 62.000 BQS = 60.754 
No.34 subjective score = 61.000 BQS = 55.287 
No.35 subjective score = 60.000 BQS = 61.843 
No.36 subjective score = 59.000 BQS = 60.782 



Table 4.2 The results of relative grading and the quality 
indices of the test images. 

********** relative grading ********** 

wc = 0.3519 
ws = 0.1944 
wt = 0.0833 
wl = 0.1806 
wd = 0.1898 
wn = 0.1852 

c S T L  D N 
1.000 1.000 1.000 1.000 1.000 0.000 rank. _usr 0 rank. jmetr c 
1.000 1.000 0.500 0.667 1.000 0.000 rank. _usr 1 rank. _metr c 
1.000 0.851 0.344 0.954 1.000 0.000 rank. _usr 2 rank. _metr c 
1.000 0.701 0.899 1.000 1.000 0.000 rank. _usr 3 rank. jmetr c 
1.000 0.488 0.785 0.976 1.000 0.000 rank. _usr 4 rank. jmetr c 
1.000 1.000 0.250 0.667 1.000 0.000 rank. _usr 5 rank. _metr c 
1.000 0.618 0.378 0.961 1.000 0.000 rank. _usr 6 rank. _metr c 
1.000 0.451 0.500 0.879 1.000 0.000 rank. _usr 7 rank. _metr c 
1.000 0.537 0.405 0.954 1.000 0.000 rank. _usr 8 rank. _metr c 
1.000 0.727 0.484 0.667 1.000 0.000 rank. _usr 9 rank. jmetr c 
1.000 0.719 0.265 0.689 1.000 0.000 rank. _usr 10 rank. _metr c 
1.000 0.554 0.294 0.709 1.000 0.000 rank. _usr 11 rank. _metr c 
1.000 0.578 0.660 0.653 1.000 0.000 rank. _usr 12 rank. _metr c 
1.000 1.000 0.333 1.000 1.000 -0.841 rank. _usr 13 rank. jmetr c 
1.000 0.741 0.456 0.667 1.000 -0.515 rank. _usr 14 rank. jmetr c 
1.000 0.969 0.496 0.663 1.000 -0.845 rank. _usr 15 rank. jmetr c 
1.000 0.646 0.371 0.984 1.000 -0.512 rank. _usr 16 rank. _metr c 
0.500 0.756 0.545 0.659 0.984 0.000 rank. _usr 17 rank. .rnetr c 
0.500 0.825 0.526 0.667 0.984 0.000 rank. _usr 18 rank. _metr c 
1.000 0.532 0.376 0.685 1.000 -0.644 rank. _usr 19 rank. _metr c 
0.333 0.892 1.000 1.000 0.935 0.000 rank. _usr 20 rank_ .rnetr c 
0.500 0.607 0.847 1.000 0.984 0.000 rank. _usr 21 rank. .rnetr c 
0.500 0.562 0.847 0.976 0.984 0.000 rank. _usr 22 rank. .rnetr c 
1.000 0.748 0.477 0.668 1.000 -0.908 rank. _usr 23 rank. .rnetr c 
0.500 0.823 0.521 0.663 0.984 -0.931 rank. _usr 24 rank. .rnetr c 
0.500 0.432 0.697 0.919 1.000 0.000 rank. _usr 25 rank. .rnetr c 
1.000 0.571 0.225 0.892 1.000 -0.512 rank. _usr 26 rank. .rnetr c 
0.500 0.500 0.422 0.925 1.000 0.000 rank. _usr 27 rank. .rnetr c 
0.500 0.433 0.466 0.910 0.984 -0.667 rank. _usr 28 rank. jmetr c 
1.000 0.552 0.559 0.646 1.000 -0.813 rank. _usr 29 rank. .rnetr c 
0.250 0.549 0.690 0.637 0.935 0.000 rank. _usr 30 rank. .rnetr c 
1.000 0.867 0.245 0.649 1.000 -0.950 rank. _usr 31 rank. .rnetr c 
0.500 0.770 0.535 0.659 0.984 -0.903 rank. _usr 32 rank. .rnetr c 
0.333 0.542 0.831 0.959 0.952 -0.781 rank. _usr 33 rank. _metr c 
0.250 0.417 0.584 0.797 0.952 -0.800 rank. _usr 34 rank. .rnetr c 
0.250 0.609 0.851 0.991 0.919 -0.738 rank. _usr 35 rank. .rnetr c 
0.333 0.456 0.726 0.938 0.984 -0.936 rank. _usr 36 rank. .rnetr c 
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Table 4.3 The results of optimum thresholding and the 

obtained weights. 

********** optimum thresholding ********** 

Snumber of searches=126 step= 0.250000 
ws=0.2500 wc=0.2500 wt=0.2500 wl=0.0000 wd=0.2500 wn=0.0000 
images tested=380 correst guess=235 min th_err=697.0 

Snumber of searches=588 step=0.125000 
ws=0.2500 wc=0.2500 wt=0.1250 wl=0.0000 wd=0.2500 wn=0.1250 
images tested=380 correst guess=268 min th_err=540.0 

Snumber of searches=1066 step=0.062500 
ws=0.3750 wc=0.1250 wt=0.0625 wl=0.0000 wd=0.1875 wn=0.2500 
images tested=380 correst guess=270 min th_err=533.0 

$number of searches=1066 step=0.031250 
ws=0.3750 wc=0.1250 wt=0.0625 wl=0.0000 wd=0.1875 wn=0.2500 
images tested=380 correst guess=270 min th_err=533.0 

Snumber of searches=1066 step=0.015625 
ws=0.3437 wc=0.1406 wt=0.0781 wl=0.0312 wd=0.1718 wn=0.2343 
images tested=380 correst guess=270 min th_err=526.0 

Snumber of searches=1751 step=0.007813 
ws=0.3437 wc=0.1406 wt=0.0781 wl=0.0312 wd=0.1718 wn=0.2343 
images tested=380 correst guess=270 min th_err=526.0 

after normalization 

wc = 0.4490 
ws = 0.1837 
wt = 0.1020 
wl = 0.0408 
wd = 0.2245 
wn = 0.3061 

For training by the optimum thresholding method introduced 

in Section 4.3, the first group of unthresholded test images are again 

used in the training procedure. A group of 120 out of the 500 test 

images were excluded because they were very poor and precluded 

discernment of the existence of the edges. The training process 
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involves thresholding the remaining 380 detector output edge maps 

to get the best binary edge according to the trainer's subjective 

judgment. After the 380 edge maps were thresholded, training by 

the optimum thresholding method for obtaining the optimum 

weights was completed. The optimum weights can be obtained as 

described in Section 4.3, and the results are shown in Table 4.3. The 

thresholds that maximize the scores of the evaluation criterion are 

looked upon as the best thresholds according to the quantitative 

criterion. Out of the 380 cases tested, 270 thresholds selected by the 

evaluation criteria based on the obtained weight vector W0pt are the 

same as those thresholds selected by the trainer. The percentage of 

correspondence (correct guesses) is 71% (270/380). The optimum 

weight vectors obtained from the above three methods are shown in 

Table 4.4. 

Table 4.4 The optimum weights obtained from the three 
training methods. 

training method Wc WS Wt WI Wd W n 

absolute grading 0.146 0.131 0.081 0.064 0.485 0.103 

relative grading 0.352 0.194 0.083 0.181 0.190 0.185 

optimum thresholding 0.449 0.184 0.102 0.041 0.224 0.306 

Comparison of the three training methods 

Finally, we used the second group of the other 100 output edge 

maps to verify how well the three criteria correspond to the trainer's 

(i.e. the author's) opinions. These 100 edge maps were not used in 
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the training processes and are therefore independent of the other 

500 edge maps used in the training. Seventy one images (29 very 

poor images excluded) were used and thresholded to get the best 

binary edges according to the trainer's subjective opinion. 

Furthermore, we need to find out how the thresholds selected by the 

edge metric obtained from each of the training methods correspond 

with the thresholds selected by the trainer. If, for a given image, the 

threshold selected by the metric is the same as that selected by the 

trainer, this metric verifies the trainer's opinion in thresholding that 

given image. Table 4.5 shows how good various edge metrics are in 

representing the opinion of the trainer. For the metric obtained from 

optimum thresholding method, 56 (79%) thresholds decided by the 

metric are the same as those thresholds selected subjectively by the 

trainer. For the metric obtained from absolute grading and relative 

grading method, the numbers of correspondence are 51 (72%) and 52 

(73%) respectively. The metrics of Pratt and Kitchen-Rosenfeld were 

also applied as a comparison. The numbers of correspondence 

between thresholds chosen by their metrics and the thresholds 

chosen by trainer are 27 (38%) for Pratt's figure of merit and 25 

(35%) for Kitchen-Rosenfeld's metric. 
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Table 4.5 Various edge metrics were used to threshold 

71 test images. The percentage of 
correspondence between the thresholds 
selected by the metric and the thresholds 
selected by the trainer is the confidence index 
of the metric in representing the opinion of 
the user. 

criterion # of test 
images 

# of correct 
guesses 

confidence 

Pratt's figure of merit 71 27 38% 

Kitchen & Rosenfeld 7 1 25 35% 

new criterion based on 
absolute grading training 

71 5 1 72% 

new criterion based on 
relative grading training 

7 1 52 73% 

new criterion based on 
optimum thresholding 

71 56 79% 

From the results, it is evident that this new adjustable metric 

indeed describes an individual's subjective opinion much better than 

the other two commonly used evaluation schemes. We also checked 

into those cases in which the thresholds that our new metric selected 

did not correspond with the threshold chosen by the trainer. It was 

found that most of these test images had poor quality. Also, it is 

difficult to tell by eye whether or not the binary edge thresholded by 

using our metric is significantly worse than the binary edge 

thresholded by the trainer. The results of threshold selection of both 

the new quantitative metric and the trainer are in fact still very 
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similar in those cases. This new metric can thus be used to represent 

a user's subjective judgment very confidently. 

Figure 4.3 illustrates the author's personal bias concerning edge 

quality, corresponding to the weights derived from the optimum 

thresholding method. Figures 4.3-a,d,g are identical images with 

ab=l and SNR=8. Figures 4.3-b,e,h are the detected edge maps 

(identical) obtained from Prewitt-sqrt operator. Figures 4.3-c,f,i are 

the binary images obtained by thresholding the detected edge map 

at three different thresholds. In the training, the author placed more 

emphasis on the continuity and detection factors than on the 

thinness factor, and more on the thinness than the smoothness factor. 

T h e  r e s u l t s  i n  F i g .  4 . 3  s h o w s  t h a t  t h e  e d g e  q u a l i t y  s c o r e s  E Q S ,  

measured by the edge metric obtained from training, agree with the 

author's opinion: the edge of Fig. 4.3-f scores higher than that of Fig. 

4.3-c since the edge is not as thick, and scores higher than that of Fig. 

4 . 3 - i  s i n c e  t h e  e d g e  i s  l e s s  f r a g m e n t e d .  M o r e o v e r ,  t h e  h i g h e s t  E Q S  

occurs at threshold 73, which is identical with the author's threshold 

selection. This is another justification that this edge metric describes 

the user's opinion very well. If, however, Fig. 4.3-c or Fig. 4.3-i is 

preferred by a different user or in a different application, this would 

be reflected by new weights obtained in a different training 

experiment. 



threshold=44, EQS=0.922 

threshold=73, £05=0.944 

threshold=80, £25=0.607 

Fig. 4.3 This example shows the edge quality scores 
{EQS) of three binary images obtained at three 
different thresholds of a detected edge map, 
where the EQS metric is obtained from trainings 
by the author. Figures 4.3-a,d,g are identical 
images with Ob=l and SNR=8. Figures 4.3-b,e,h 
are the detected edge maps obtained from 
Prewitt-sqrt operator. Figures 4.3-c,f,i are the 
binary images obtained by thresholding the 
detected edge map at three different thresholds. 

a b c 

d e f 

g h i 
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This chapter provides training methods for obtaining the 

optimum weight vector of the metric that represents the trainer's 

opinion. The disadvantage of the absolute grading method is that it 

is difficult to give an absolute score to an image. Besides, W0pt only 

minimizes the LMS error of the absolute scores while the estimated 

edge quality scores EQS may not be in the original relative order. 

Therefore, WQpt thus does not necessarily reflect the relative 

importance of the six quality indices. The relative grading method is 

better than absolute grading in that it is based on the relative 

ranking of the edge quality scores. The test images for absolute and 

relative grading methods are binary images. On the other hand, the 

inputs to the optimum thresholding method are the unthresholded 

edge detector outputs, which are easier to prepare. The viewing 

experiments for optimum thresholding are also easier than those of 

the previous two methods. In the optimum thresholding method, we 

only need to threshold the edge detector outputs instead of 

comparing and sorting a collection of binary edges. However, the 

optimum thresholding approach can only be applied to those edge 

operator outputs that need to be thresholded. From the 

experimental results, it is shown that the evaluation criterion 

obtained from the optimum thresholding method corresponds better 

with the trainer's opinion. Overall, the optimum thresholding 

method is more preferred, and the weights obtained from this 

method will be used in an application in Chapters 5 and 6. 
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CHAPTER 5 

EDGE DETECTOR PERFORMANCE PREDICTOR 

5.1 INTRODUCTION 

Given an image with certain properties, what is the best edge 

detection algorithm to use? How good will the detected edges be? In 

other words, are we able to predict the performance of an edge 

detector for an image with certain properties? We have found no 

literature which deals with predicting the outcome of edge detection. 

The reason is probably because of the highly specific and subjective 

nature of image processing tasks. Even if a prediction scheme 

existed, it is doubtful whether individuals would reach a consensus 

on the evaluation criteria used. This is the reason why an adaptive 

criterion which can be trained for user and application needs is 

proposed here. 

The objective of the edge detector performance predictor 

proposed herein is to establish the quantitative effects of various 

chosen image parameters on selected detection algorithms. With it, 

we can predict the outcome of edge detection by using a few initial 

measurements of the physical image parameters prior to edge 

detection. The prediction is not fixed but depends on the opinions of 
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the user and his/her application. Three steps are required in the 

design of the performance predictor: 

1. Identify the image parameters that affect edge detection, then 

generate test images which span the desired range of those 

parameters. 

2. Select representative edge detection algorithms, and use them to 

process the test images. The resulting edge maps still need to be 

thresholded to obtained the final binary images. Different 

thresholds selected may result in binary images with different 

quality effects, and different quality effects may be preferred in 

different situations. Hence, these detected edge maps are then 

thresholded at every gray level of the histogram, and the 

resulting binary images are evaluated by the proposed 

quantitative quality metric described in Chapter 3. The resulting 

quality index measures of these thresholded binary edge maps 

are compressed and recorded in a data base. 

3. Measure the original image parameters prior to edge detection. If 

the image parameters lie within the space spanned by the training 

set, the predicted edge quality indices and edge quality score 

(EQS) can be obtained from the data base. The output data are 

presented either as performance curves as a function of a given 

image parameter, or as the predicted edge quality metric EQS for 

an image. 
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The block diagram of the edge detector performance predictor is 

shown in Fig. 5.1, and is introduced in more detail later in this 

chapter. 

image 

(independent) 

user's quality weights 

•predicted edge 
performance 
score and 
post-processing 
quality indices 

input image 
parameters 

training 
process 

performance 
data 
base 

predictor 
image 

parameter 
measurement 

Fig. 5.1 Block diagram of the edge detector performance 
predictor. 

5.2 GENERATION OF TEST IMAGES 

5 .2 .1  What  image  parameters  a f f ec t  edge  de tec tor  

per formance?  

In general, the failure of edge detectors can be attributed to 

background noise, object blurring, object orientation and object 

shape. The performance of edge detectors is especially sensitive to 

the first two factors: background noise and object blurring. In order 

to reduce the dimensionality of the test images and hence the size of 
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the data base, only these two parameters are used here. We may 

further divide the effects of noise into two categories; those due to 

noise variance, and those due to the noise power spectrum. The 

effects of these final three image parameters are listed below: 

Noise variance 

Noise is the main reason edge detectors fail. As the noise level 

increases, the detectability of an edge decreases. 

Object blurring 

Blurring reduces the strength (contrast) of an edge signal and 

hence the output response of all edge detectors. The resulting edge 

map is therefore susceptible to noise. Also, the edges detected in 

blurred images tend to be thicker. Hence, the positional accuracy of 

the detected edges is less. 

Noise power spectrum 

The shape of the power spectrum affects the orientation of the 

correlation appearing in the noise in image space, which in turn 

affects the response of an edge detector. The correlated noise 

typically generated by FLIR sensors, for example, contains horizontal 

noise streaking, which can be more destructive than Gaussian white 

noise during edge detection. We have not found any study in the 

literature which deals with the influence of correlated noise along 

and perpendicular to the direction of an edge. The fact that noise 

correlation does affect edge detector performance is confirmed in the 

next chapter. 



5.2.2 Test image model 

The test images are generated as shown in Fig. 5.2. 

7 9  

White noise 

Edge profile 

140 

120 

© Normalization 

• 
Test images 

Gaussian 
Blurring 

Gaussian 
blurring 

Fig. 5.2 Test image generator: The vertical edge image is 
first blurred with Gaussian functions and then 
added to different levels of noise having 
different power spectra. 

The edge pattern used is a vertical step edge. (See Fig. 5.2.) We 

chose an edge profile with an intermediate pixel of 120 gray level 

between two sides of the edge instead of jumping from 100 to 140, 

in order to get a center edge pixel. Thus, the location of the edge is 

on the center of that center edge pixel. 

The original vertical edge image is blurred by convolving it 

with ten Gaussian functions of increasing width. Since a 2D Gaussian 

function is separable in x and y, only ID convolution in the x 
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direction is needed for this vertical edge pattern. The Fourier pair of 

Gaussian function is defined as 

As Ob increases, the degree of blur of the convolved image increases. 

The widths of Cb range from 0 to 9 pixels with a step of 1 pixel. 

The desired correlated noise is derived by passing white noise 

through various Gaussian filters. The 2D white noise signal is blurred 

in the x direction with four Gaussian functions of different width. 

This results in four levels of (ID) horizontally correlated noise. The 

same is done in the y direction to obtain four levels of (ID) vertically 

correlated noise. Since we are mainly interested in the correlation of 

noise along and perpendicular to the edge direction, only one 

example of 2D correlated noise is used. This 2D correlated noise is 

sufficient to compare the band-limited (blurred) noise effects with 

those of the white noise with its flat power spectrum. This 2D 

correlated noise is obtained by blurring the original white noise in 

both the x and y directions. Including the original white noise, there 

are thus ten types of noise altogether. 

Table 5.1 summarizes the blurring parameters used for the ten 

noise types. These types of noise can also be described by the shape 

of the power spectrum. (See Table 5.1 and Fig. 5.3.) 

-<Jb2U2 

j{G(x)} = exp( 2—) (5.1) 



Table 5.1 The blurring parameters used to obtain 
different types of noise. These types of noise 
can also be described by their power 
spectrums. 

noise type 1 2 3 4 5 6 7 8 9 1 0  

ox 0 0.7 1.4 2.1 2.8 0 0 0 0 2.1 

ov 0 0 0 0 0 0.7 1.4 2.1 2.8 2.1 

ocx OO 0.7*1  1.4"1  2.1"1  2.8"1  OO OO oo oo 2.1'1  

av oo oo OO OO OO 0.7"1  1.4"1  2.1"1  2.8"1  2.1"1  

cx  and oy  are the standard deviations of the Gaussian 
function in the spatial domain. ax and ay are the 
standard deviations of the Gaussian function in the 
frequency domain. (ax = ax-i and ay = oy-i) In the graph 
below, (a) shows the ID Gaussian point spread function 
h(x) in the spatial domain, and (b) shows the equivalent 
ID Gaussian function H(u) in the frequency domain. 

h(x) 

0 

0  
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Power spectrum 

Fig. 5.3 This 2D power spectrum shows that noise is 
correlated in the x direction but not correlated in 
the y direction. This noise is obtained by 
blurring the white noise with a ID Gaussian 
function in the x direction. 

The signal-to-noise ratio (SNR) of the edge is defined as 

SNR = — (5.2) 

where H is the height of the edge and cn is the standard deviation of 

the (zero-mean) noise after correlating. As shown in Fig. 5.2, the 

height of the edge is fixed at 40 gray levels. Different levels of SNR 

are therefore attained by varying the standard deviation on. Fifteen 

levels of SNR are used here, which are 128, 90.5, 64, .... 2, 1.4, 1 (SNR 

= 2*/2, x = 14, 13 1 , 0). 
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Now we have 10 degrees of blur, 10 types of noise power 

spectrum and 15 degrees of noise variance. The data base therefore 

will contain experimental results from 1500 test images. 

5.3 CREATING THE PERFORMANCE DATA BASE 

The idea here is to process the test images with selected edge 

detectors, measure the edge quality metric, and store this along with 

the blur and noise parameters of the test images in a data base. This 

is illustrated in Fig. 5.4. 

edge quality 
measures at 

output 
edge maps 

every threshold 
test 

images 

quality 
attribute 

metrics 

edge 
detector 

test 
image 

generator 

data 
base 

Fig. 5.4 The block diagram showing how to generate the 
data base. 

Ten different edge detection operators are selected. The first group 

are the so called 'gradient magnitude' operators. These edge 

detectors measure the horizontal and vertical gradient components 

by applying a pair of masks in a moving-window procedure. The 

edge gradient magnitude is computed either as the square root of the 

sum of squares of the two components, or as a sum of absolute 

values. Three different pairs of masks are used: those defined by 
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Prewitt, Sobel and Roberts. Since the gradient magnitude can be 

computed in two ways, this gives six methods altogether. 

The second group are the more sophisticated 'second 

derivative' operators. They are the difference-of-Gaussian (DOG) 

filter [Wilson & Giese, 1977], which is an approximation of the 

Laplacian-of-Gaussian (V2G) operator [Marr & Hildreth, 1980], and 

Haralick's operator based on the zero crossings of second directional 

derivatives [Haralick, 1984]. The shape of the V2G filter in the spatial 

domain is like a Mexican hat. The Fourier transform of the V2G 

function is a band-pass function. The V2G filter, which is in nature a 

band-pass filter, filters out high and low frequency signals and 

passes only signals near a specific bandwidth. The DOG filter closely 

resembles the V2G filter in shape, and is in fact a very good 

approximation to the V2G filter. The DOG filter marks edge pixels by 

finding zero values of DOG(x,y)*I(x,y) for image I, where DOG(x,y) is 

the difference of a pair of two-dimensional Gaussian functions. The 

DOG filter is computationally simpler than the V2G filter because a 

two-dimensional Gaussian function can be separated into two one-

dimensional functions, given by 

Marr & Hildreth [1980] showed that the best engineering 

approximation to V2G using a DOG occurs with around 1.6. 

Haralick's operator defines an edge to occur in a pixel if and only if 

there is some point in the pixel's area having a negatively sloped 

DOG(x) 
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zero crossing of the second directional derivative taken in the 

direction of a non-zero gradient at the pixel's center. To study the 

effects of different operator sizes for the DOG and Haralick's operator, 

we use two variations for each. The standard deviation ce of the 

excitatory (upper) Gaussian of the DOG function in equation (5.3) is 

set to be 1.4 and 2.8, where the value 1.4 is commonly used in V2G 

applications. The window sizes of the selected Haralick's operators 

are 7x7 and 11x11, which were used by Haralick himself. This 

results in 4 different variations for the second group of edge 

detectors. 

Selection of a threshold for the slope at the zero-crossings is 

necessary to attain the best detected edge. Each of the test images is 

processed by each of these 10 detection methods. The outputs of the 

first group of edge detectors are maps of edge gradient magnitude, 

whereas the outputs of the second group are maps of the slopes of 

zero-crossings. These detector outputs have yet to be thresholded. 

The resulting binary edge maps at all thresholds are evaluated by 

using the proposed six quality measurements. The quality measures 

at every threshold are recorded temporarily for further compression. 

The quality measures at a specific threshold are redundant if we can 

f i n d  a n o t h e r  t h r e s h o l d  a t  w h i c h  t h e  s i x  q u a l i t y  m e a s u r e s  a r e  a l l  

greater or equal to those at that specific threshold. For example, 

suppose the quality indices of an edge map at threshold 12 are 1, 0.5, 

0.5, 0.8, 0.8, 0. If we can find a threshold, say at 16, at which the 

quality indices are 1, 1, 1, 0.8, 0.9, 0, the weighted sum of the quality 
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indices at threshold 12 will not be bigger than that at threshold 16. 

Therefore, threshold 12 can never be an optimum threshold 

whatever the weights may be, according to the opinions of different 

people. These redundant quality measures are not stored in the data 

base. The data is thus significantly compressed. The evaluation 

continues until all the 15,000 edge detector outputs are processed. 

5.4 PREDICTING EDGE DETECTOR PERFORMANCE 

Fig. 5.1 shows the block diagram of the performance predictor. 

The inputs of the predictor are the three original image parameters 

based on the model described in Section 5.2. The parameters to be 

measured are the blur length of the optical system (Pi), the signal-

to-noise ratio (P2) and the noise spectrum type (P3). The 

measurement of these preprocessing image parameters is not of 

concern here. Therefore, we would assume that these parameters 

can readily be measured. 

The predictor has another two inputs: the quality weights of 

the user, and the performance data base. The quality weights, 

representing the individual user's opinion on the importance of 

different quality factors, are obtained from independent experiments 

described in Chapter 4. The data base is in fact a look-up table 

created from the permanent data file from performance evaluation 

experiments. The hash table [Korth & Silberschatz, 1986] stores the 

root addresses of the records of the results of the test images. Each 

record contains the quality measures at every contributing threshold 
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of one detected edge map. When given an image with a parameter 

set (Pi, P2, P3), the address of the record that contains the detected 

edge quality measures of a test image with parameters closest to (Pi, 

P2, P3) can be found by a hash function. Three-dimensional 

interpolation can be used for the sub-resolution parameters of a new 

image of interest. However, interpolation may not be necessary since 

it is difficult to describe a real image very precisely with an image 

model. Besides, relative performance among edge detectors, which is 

more meaningful than absolute performance scores, remains 

basically the same when small variations occur in the input 

parameter domain. Finally, all data in the record found by the hash 

function are searched. The quality indices which maximize the 

weighted sum with the quality weights are the predicted post

processing edge qualities indices of a given image. The predicted 

performance score is the weighted sum of the quality indices and the 

quality weights. 

For example, suppose we are to predict the performance of 

edge detectors on a given image. First, we need to know, from 

measurement or prior knowledge, the parameter set (Pi, P2, P3) of 

the image. If the optical transfer function (OTF) of the imaging 

system for this image can be modeled by a Gaussian function, and 

the standard deviation is 2, Pi then equals 2. Furthermore, assuming 

that the background noise is white and the measured SNR is 15, we 

thus obtain P2 = 15 (SNR = 15) and P3 = 1 (noise type 1). The 

parameter set (2,15,1) is used as the input to the predictor. Another 
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input for the predictor is the trained quality weights of the edge 

metric as shown in Table 4.4. Since the closest parameter set is 

(2,16,1), the corresponding record is retrieved from the data base. 

The quality indices at a certain threshold in the record which 

maximize EQS in Eq. (3.1) are the predicted edge qualities 

(smoothness, thinness, ....), and EQS is the predicted overall edge 

quality score, based on the quality weights of a specific user. The 

results can be displayed as in Fig. 5.6. 

> What is the standard deviation of the blurring function? 

> 2  

> What is the SNR of the noise? 

> 15 

> What is the noise type? 

> 1 

** The predicted edge detector performance ** 

Detector ECS C S T L D N 

Sobel-sqrt 0.928 1 .000 0, .981 0.335 0 .990 1 .000 0 .000 

Sobel-sumabs 0.919 1. .000 0 .929 0.338 1 .000 1 .000 0, .000 

Prewitt-sqrt 0.928 1 .000 0, .981 0.335 0, .990 1 .000 0, .000 

Prewitt-sumabs 0.928 1 .000 0, .981 0.335 0 .990 1 .000 0, .000 

Roberts-sqrt 0.865 1 .000 0. .727 0.304 0, .651 1 .000 0. .000 

Roberts-sumabs 0.867 1 .000 0. .732 0.315 0 .659 1 .000 0, .000 

Haralick-7x7 1.000 1 .000 1. .000 1.000 1, .000 1 .000 0. .000 

Haralick-11 x11 1.000 1 .000 1. .000 1.000 1, .000 1 .000 0, .000 

DOG-1.4 0.969 1 .000 0. .912 0.867 0, .981 1 .000 0. .000 

DOG-2.8 0.992 1 .000 0. .974 0.974 0, .987 1 .000 0, .000 

Fig. 5.6 The computer input and output of the edge 
detector performance predictor. 
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Performance curves of different edge detectors can also be 

plotted as a function of any physical blur or noise parameter by 

fixing the other two parameters. This facilitates comparisons 

between the performance of selected edge detectors on an image 

with given physical properties. This is demonstrated in the next 

chapter, which compares the performance of several edge detectors 

under different conditions. 
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CHAPTER 6 

COMPARISON OF EDGE DETECTORS 

In Chapter 5, an edge detector performance predictor was 

introduced. Now we present the results of comparing several 

popular edge detectors. The quality weight vector used is (0.449, 

0.184, 0.102, 0.041, 0.224, 0.306), which was obtained by the 

optimum thresholding method described in Section 4.3. Performance 

(edge quality score EQS) curves of the 10 different edge detection 

methods are shown as a function of each of the three preprocessing 

image parameters in the following sections. The three preprocessing 

image parameters are signal-to-noise ratio (SNR), blur length, and 

noise spectrum. The previous literature on edge evaluation criteria 

only studied the influence of SNR on the performance of edge 

detectors. 

6.1 PERFORMANCE AS A FUNCTION OF SNR 

The definition of SNR used here is in Eq. (5.2). H is the height 

of the edge signal and is fixed to be 40 gray levels. The standard 

deviation on of the noise is varied to obtain different levels of SNR. 

Figure 6.4 shows the performance curves of the first group of 6 
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gradient magnitude edge detectors. The outcomes are very similar to 

those found by Abdou-Pratt and Kitchen-Rosenfeld. The results 

s h o w  t h a t  t h e  3 x 3  o p e r a t o r s  p e r f o r m  m u c h  b e t t e r  t h a n  t h e  2 x 2  

o p e r a t o r s  a t  d e t e c t i n g  e d g e s  i n  t h e  p r e s e n c e  o f  n o i s e .  F o r  3 x 3  

operators, the method of computing the gradient magnitude as the 

square root of the sum of squares performs slightly better than using 

the sum of the absolute values of the x and y gradient components. 

For the 2x2 Roberts operator, the situation is reversed. Among the 

six edge detectors, the Prewitt-sqrt detector performs the best and 

the Roberts-sqrt performs the worst. As expected, the 3 x 3 edge 

detectors perform appreciably better than the 2 x 2 edge detectors in 

the presence of noise, due to the larger window size. The edge 

quality score EQS of the 2x2 Roberts operator is always less than 

the perfect score (1.0). This is because the detected edge is offset by 

0.5 pixel from the true edge. Besides, for a one-pixel-wide edge 

picture, the width of the detected edge is 2. 

Figures 6.5 and 6.6 show the performance curves of the second 

group of edge detectors, with the performance curve of Prewitt-sqrt 

of the first group included as a reference. The results show that the 

larger operators of the second group of edge detectors significantly 

outperform the first group, which is to be expected since the second 

group of operators are intended to give an optimum result. The 

performance of Haralick's operator improves as the window size 

increases from 7 x 7 to 11 x 11. The 7x7 Haralick operator does not 

perform better than the Prewitt operator at lower SNR. Therefore, it 
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is not economic to use Haralick's operator if the window size is no 

larger than 7x7 since it is computationally expensive. The 

performance of the DOG filter improves as the standard deviation of 

the narrower Gaussian function ae increases from 1.4 to 2.8. The 

smaller DOG filter (ae = 1.4) performs about the same as the Prewitt 

operator. From the above, it is shown again that larger operators 

tend to have better performance. The size of the mask of the DOG 

filter must be large enough to cover most of the area of the 

untruncated DOG function in order to prevent frequency leakage 

[Grimson & Hildreth, 1985]. Basically, the size of the masks must be 

made at least 8.5 times larger than the standard deviation of the DOG 

filter [Chen & Huertas & Medioni, 1987]. 

One very interesting finding is the comparison between 

Haralick's operator and the DOG filter. Haralick's operator performs 

perfectly when the signal-to-noise ratio is larger than a certain 

value, which is not fixed but depends on the blur and noise 

parameters. As the SNR falls to less than this value, its performance 

drops significantly. Taking Fig. 6.5 for example, the edge quality 

score EQS of the 11 x 11 Haralick operator is 1.0 (perfect) when the 

SNR is larger than 4, and decreases rapidly when SNR falls to less 

than 4. To explain this characteristic, recall from the previous 

chapter that Haralick's operator defines an edge to occur in a pixel if 

and only if there is some point in the pixel's area having a negatively 

sloped zero crossing of the second directional derivative. In order to 

detect whether or not there is a zero crossing in a pixel's area, 
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Haralick's operator first fits and describes the sampled image surface 

in this pixel's neighborhood with a two-dimensional function 

consisting of a linear combination of the tensor products of discrete 

polynomials of up to degree three. Evidently, this fitted function 

does not describe the sampled data accurately when the noise 

exceeds a certain level. 

The DOG filter performs fairly well, but not as well as Haralick's 

operator at higher SNR. However, as the noise level increases, the 

performance deteriorates slowly compared to Haralick's operator, 

and the DOG filter significantly outperforms Haralick's operator at 

low SNR. This can be attributed to the noise smoothing property of 

the large window of the Gaussian function of the DOG filter. (The 

same argument applies to the V2G filter.) The smoothing effect of the 

large Gaussian window is the reason why the DOG filter still performs 

well when the image is very noisy. However, due to its large 

Gaussian window, the positional accuracy of the detected edge is not 

very good. The detected edge does not look straight and smooth 

even at moderately high SNRs. Larger edge operators tend to detect 

edges with better detection (output signal-to-noise ratio) and worse 

localization, which has been proven computationally by Canny 

[1986]. 

There has been controversy between Haralick [1984], [1985] 

and Grimson & Hildreth [1985] concerning whether Haralick's 

operator or the V2G filter is superior. They failed to point out the 

strong points and the limitations of each other's operator in terms of 
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the factors mentioned above. We believe that they did not use a 

large enough parameter range in their test images to see the effects 

at different situations. Originally, Haralick [1984] used only one 

noisy test image in the comparison of these two edge detectors. 

Furthermore, the evaluation criteria which Haralick used in the 

comparison basically only reflect the "detection" aspect of the 

detected edges (i.e. whether or not the true edge is detected), but did 

not encompass enough evaluation of quality factors that could affect 

human judgment. 

On the basis of experiments, we conclude as follows: 

1. The 3x3 Sobel and Prewitt operators perform better than the 2 x 

2 Roberts edge operator in the presence of noise. 

2. As the operator size of Haralick's operator and the DOG filter 

increases, the performance improves. 

3. The performance of the second group of zero-crossing edge 

detectors is much better than that of the first group of gradient 

edge detectors. 

4. At higher signal-to-noise ratio, Haralick's operator performs 

satisfactorily, while the DOG filter does not perform as good. 

However, at lower signal-to-noise ratios, the performance of the 

DOG filter does not deteriorate as fast as Haralick's operator. In 

this situation (very noisy image), the DOG filter is superior to 

Haralick's operator. 
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6.2 PERFORMANCE AS A FUNCTION OF OBJECT BLUR 

The object blur is modeled and described by a Gaussian 

function. There are ten degrees of Gaussian blur used here. The 

standard deviation of the Gaussian function ranges from 0 to 9 pixels 

wide with a step of 1. Figure 6.7 shows the performance curves of 

the first group of edge detectors as a function of blur length. As the 

blur increases, the performance deteriorates. This is because the 

edge signal strength decreases as the blur increases. The relative 

performance of the first group is in accord with the results in Section 

6.1: Prewitt's operator performs slightly better than Sobel's 

operator; Roberts' operator performs worse than the 3x3 operators. 

Again, this is attributed to the window size effect. 

Figures 6.8 and 6.9 show the performance curves of the second 

group of edge detectors with the curve of Prewitt-sqrt for 

comparison purposes. The 11 x 11 Haralick operator performs best 

at low blur. At a certain point, the performance of Haralick's 

operator drops drastically, even worse than that of the Prewitt-sqrt 

operator when the image quality is very poor. The relative 

performance ranking of the ten edge detectors follows basically the 

same trend as that of the performance curves as a function of SNR in 

Section 6.1. Haralick's operator generates excellent edges as long as 

the images are not extremely poor. For example, the 11 x 11 

Haralick operator in Fig. 6.9 performs perfectly when the blurring 

length does not exceed 6, with the SNR fixed at 8. 
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The output edges of the DOG filter are not very smooth and 

somewhat deformed even when the SNR is moderately high, 

especially if a larger operator is used. However, the output edges of 

the DOG filter do not deteriorate too much even if the input image 

becomes very blurred and noisy. It outperforms Haralick's operator 

when the images are rather poor. 

We thus reach the following conclusion: 

Blurring the edge image decreases the gradient of the edge and 

hence its ability to be detected. Hence, the effect of blurring the 

image is similar to that of increasing the noise level, though not as 

obvious. (Note our definition of SNR in Eq. (5.2) is independent of the 

blurring effect of an edge, and the edge height H remains the same 

whether the edge is blurred or not. In fact, the signal-to-noise ratio 

of a blurred edge in the presence of noise should be lower than that 

of a step edge.) The arguments for comparing edge detectors in 

Section 6.1 can basically be applied here for the blurring effect. 

6.3 PERFORMANCE AS A FUNCTION OF NOISE POWER 

SPECTRUM 

Ten types of noise spectrum were defined in Section 5.2.2. The 

types of noise include uncorrelated white noise, band-limited 

uncorrelated noise and noise which is correlated in the horizontal 

and vertical directions. There are other types of noise, such as film 

grain noise and instrument noise, which can also be included in the 

evaluation. However, the concern here is to demonstrate the effects 
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of correlated noise on the selected edge detectors. The influence of 

the other types of noise on the edge detectors is left for further 

research. Noise type 1 is white noise, which has a flat power 

spectrum. Noise types 2 to 5 have different degrees of correlation in 

the horizontal direction (perpendicular to the vertical edge pattern). 

Noise types 6 through 9 have different degrees of correlation in the 

vertical direction (along the edge). Noise type 10 is band-limited 

Gaussian distributed noise, which looks blurred when compared with 

the white noise. The power spectra of the ten types of noise are 

shown in Fig. 6.1. For a detailed description of the noise models, see 

Table 5.1. Figures 6.10 - 6.14 show how the different types of noise 

affect the performance of the edge detection methods. 



Power spectrum Power spectrum 

t 
(a) 

Power spectrum 

(b) 

Power spectrum 

A 

(C) (d) 

Fig. 6.1 Power spectrum of the ten types of noise used: 
(a) flat spectrum of white noise (noise type 1); 
(b) noise correlated in the x direction (types 2 -
5); (c) noise correlated in the y direction (types 6 
- 9) ; (d) band-limited (blurred) noise (type 10). 
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Figure 6.10 shows the performance scores of the Sobel-sqrt detector 

on the images with the 10 types of added noise. The results of the 

other five edge detectors of the first group basically follow the same 

trend and were thus omitted. The results of Fig. 6.10 show that the 3 

x 3 and 2x2 edge operator perform best on the image containing 

type 10 noise, (band-limited Gaussian distributed noise), compared 

to the other nine types of noise. This is because the first group of the 

2x2 and 3x3 differential edge detectors with small spatial extent 

are in nature high-pass filters. Hence, more high frequency noise of 

the band-unlimited noise (types 1 - 9) passes through these edge 

detectors, compared to type 10 noise. Moreover, noise correlated 

along the edge (noise types 6-9) generally is more detrimental than 

noise correlated perpendicular to the edge (noise types 2 - 5). 

Figures 6.11 and 6.12 show the performance of Haralick's 

operator for window sizes of 7 x 7 and 11 x 11. For both operator 

sizes, the results show that correlated noise is more detrimental than 

white noise. Furthermore, as the correlation length increases, the 

detected edges become worse in quality. Noise which is correlated in 

the same direction as the edge is more destructive than that 

perpendicular to the edge. The only thing different between these 

two operators is that white noise (type 1) is more destructive than 

band-limited white noise (type 10) for the 7 x 7 Haralick operator, 

while the opposite is true for the 11 x 11 Haralick operator. This is 

probably because the smaller operator tends to be susceptible to the 

high frequency noise spikes which are typical of white noise. 
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Figures 6.13 and 6.14 show the performance of the DOG filter 

when ae = 1.4 and 2.8. (See Eq. (5.3).) Like the Haralick operator, 

correlated noise is more destructive than white noise to the DOG 

filter. However, the performance of the DOG filter on images with 

correlated noise does not deteriorate monotonically as the correlation 

length increases. Instead, the performance curves are mostly 

c o n c a v e .  F o r  t h e  a e  =  1 . 4  ( 2 . 8 )  D O G  f i l t e r ,  t h e  e d g e  q u a l i t y  s c o r e  E Q S  

is minimum most of the time when the noise correlation length is ae 

= 1.4 (2.1). This is probably because of the band-pass nature of the 

DOG filter. The DOG filter in the spatial and frequency domains is 

described in Fig. 6.2. Noise correlated in the x and y direction (types 

2-9) appears as noisy streaks, where the average length of the 

streaks depends on the blur length of the noise. The output response 

of the noisy false edges reaches maximum when the average length 

of the noise streaks corresponds to the pass band of the filter. For 

example, suppose the center of the pass band of the DOG filter is a. 

Noise streaks with an average length of 1/a will result in the highest 

output response, compared to noise streaks of other lengths. 
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(a) 

pass band 

(b) 

Fig. 6.2 DOG filter in spatial and frequency domains: (a) 
DOG filter is the difference of a narrower and a 
wider Gaussian functions, (b) DOG, which is 
rotationally symmetric, is a good approximation 
to V2G; (c) The Fourier transform of DOG (V2G), 
which is also rotationally symmetric, shows its 
band-pass characteristic. 

The performance of the DOG filter is worst for type 10 (band-

limited) noise in both ae = 1.4 and oe = 2.8 cases. The reason 

probably is that the noisy blobs (blurred noise) result in stronger 
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responses than the noisy lines for the two-dimensional band-pass 

characteristic of the DOG filter. 

The above observations are summarized below: 

1. Band-limited white noise (type 10) is less detrimental than white 

noise (type 1) to smaller operators (operators in group 1 plus the 

7x7 Haralick operator) than to the larger operators (DOG filters, 

11 x 11 Haralick operator). This shows that smaller operators 

tend to be sensitive to noise spikes in contrast to larger operators, 

which smooth out the noise spikes. 

2. The line-like correlated noise (types 2-9) is normally more 

destructive than uncorrelated white noise except for the 3x3 and 

2x2 operators, which sometimes perform even better when noise 

is correlated perpendicular to the direction of the edge. Noisy 

false edges are normally more undesirable than spurious noise 

pixels. 

3. For both groups of edge detectors, noise correlated in the direction 

along the edge is more destructive than noise correlated 

perpendicular to the direction of the edge. When the noise is 

correlated along the direction of the edge, the noisy line streak 

tends to overlap the edge, compared to the noise correlated 

perpendicular to the edge. Hence, for the noise correlated along 

the edge direction, the false response length caused by the noise is 

longer, compared to the noise correlated perpendicular to the edge 

direction. This is illustrated in Fig. 6.3. 



edge 
detection 

positively deviated noise streaks 

«=> negatively deviated noise streaks 

Fig. 6.3 Noise correlated in the direction along the edge 
in (b) results in more false responses than noise 
correlated perpendicular to the edge in (a). 

4. The performance curves of the DOG filter on the images containing 

line-like noise (types 2-9) correlated both in the x and y 

direction are concave, due to the band-pass characteristic of the 

DOG filter. 

5. For the DOG filter, Band-limited noise (type 10) is even more 

destructive than line-like noise (types 2-9) and white noise (type 

1). 
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6.4 SUMMARY 

This chapter presented a comparison of several commonly used 

edge detectors on test images with various properties, based on the 

proposed new edge quality evaluation criterion. From independent 

viewing of the edge detector outputs, it is observed that the optimum 

thresholds, selected by maximizing the edge quality scores of the 

new evaluation criterion, correspond very well with the author's 

opinion on the threshold selection. Indeed, a binary edge with a 

higher predicted performance score EQS 'looks' better, according to 

subjective viewing of the edges, than a binary edge with a lower 

predicted EQS. This further justifies that this new evaluation 

criterion can adequately represent human judgment. 

By using these performance curves obtained from the data 

base, it becomes very easy both to compare the performance of a 

given edge detector with another, and also to study the 

characteristics of a given detector under different conditions 

(different image parameters). The six quality indices (C, S, T, L, D, N) 

of the corresponding edge quality score are an indication of the edge 

qualities (continuity, smoothness, thinness, localization, detection, 

and noisiness) after edge detection. The six quality indices of a 

detected edge map can also be predicted given the appropriate blur 

and noise parameters. For example, in Fig. 6.6, the EQS of the ae = 2.8 

DOG filter is 0.931 when SNR = 16, and the corresponding quality 

indices are C= 1.000, S = 0.884, T = 0.576, L = 0.884, D= 1.000, and N 

= 0.000. 
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CHAPTER 7 

CONCLUSIONS AND SUGGESTIONS 

This thesis first surveyed previous edge evaluation schemes 

and pointed out their limitations and insufficiencies. A new 

adjustable edge evaluation metric was then proposed, based on the 

six physical characteristics that affect edge quality. These physical 

characteristics are continuity, smoothness, thinness, localization, 

detection and noisiness. The final edge quality score is a weighted 

linear combination of these six quality measures. The weights of the 

quality measures are obtained by a training process that transforms 

subjective quality judgment into quantitative weighting factors. 

Therefore, this new metric can be adjusted to suit different users or 

applications. 

This edge metric was further applied to building an edge 

detector performance predictor. By a few initial measurements of 

image parameters, this predictor can predict the performance of 

certain edge detectors on a given image, based on past experimental 

results of edge detection. 

The performance of several popular edge detectors was 

measured as a function of the SNR, blurring and noise power 
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spectrum. The performance curves show how the SNR, blurring and 

noise spectrum affect the performance of different edge detectors. 

Most published research considers the influence of the SNR only. By 

including enough variations of image properties, we showed the 

strong points and limitations of certain edge detectors under 

different circumstances. Taking for example two of the most often 

cited edge detectors, by Marr-Hildreth [1980] and Haralick [1984], 

we demonstrated that the former performed well over a wider range 

of SNR and blur, while the latter gave perfect results up to a fairly 

sudden cutoff in these parameters. 

The comparison with the evaluation schemes of Pratt and 

Kitchen-Rosenfeld showed, by some statistics, that this new metric 

indeed describes subjective judgment much more accurately than the 

others. The threshold can be selected automatically and accurately 

b y  f i n d i n g  t h e  t h r e s h o l d  t h a t  m a x i m i z e s  t h e  e d g e  q u a l i t y  s c o r e  E Q S .  

All other schemes were not claimed to attain this success and 

confidence in that they do not encompass enough quality features 

and are not adjustable to different applications. 

This adjustable edge quality metric can be used to select the 

best edge detector for different applications since edge detection is 

highly objective oriented. The metric could facilitate the design of 

new edge detectors to attain certain specified performance 

requirements. 

Some of the edge quality measures used in our E Q S  metric 

depend on knowing the position of the true edge. If somehow edge 



1  1  8  

quality measures can be made less dependent on the prior 

knowledge of the true edge location, automatic thresholding can be 

made possible by choosing the threshold that maximizes the overall 

quality score. 

The same methodology can also be applied to the evaluation of 

other image processing techniques such as noise smoothing and 

pattern recognition algorithms. Other suggested possible research 

resides in the study of the influence of more features (such as 

oriented and curved edges, corners, and other types of noise 

spectrum) on the performance of different edge detectors. 



1  1  9  

APPENDIX A 

Blob Labeling Algorithm (sec. 3.3) 

Here, we describe a blob labeling algorithm [Ballard & Brown, 

1982] which assigns to each region a different label in a binary 

image. To do this, the image is scanned left to right and top to 

bottom with an L-shaped template, shown in Fig. A.l. 

xu 

X1 xc 

Fig. A.l L-shaped template for blob labeling of 4-
connected regions 

Given a binary image containing regions of l's on a background of 

O's, the algorithm is as follows. 
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Algorithm A.l Blob Labeling for 4-connected regions 

Initialize the label (region) map with 0's. Let the initial label, k = 1. 
Scan the image from left to right and top to bottom. 

If f(xc) = 0 then continue 
else 

begin 

if (f(xu) = 1 and /(xi) = 0) 
then label(xc) := label(xu) 

if (f(xi) = 1 and f(xu) = 0) 
then label(xc) := label(xi) 

* two labels are equivalent (connected). * 
if ( f ( x |) = 1 and f(xu) = 1) 

then begin 
label(xc) := label(xi) 
label(xi) is equivalent to labei(xu) 
end 

* new blob (region) is scanned * 
if (f(xi) = 0 and f(xu) = 0) 
then label(xc) := k; k := k+1 

end 

After one complete scan of the image, the equivalent labels are 

combined to insure that each object has only one label. However, 

this algorithm only applies to 4-connected regions and fails to label 

line segments in our edge evaluation application. The L-template is 

modified into a o-template in Fig. A.2 to label 8-connected regions 

and lines, xi, X2, X3, X4 are the pixels scanned before xc is scanned. 
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X1 x2 x3 

X4 xc 

Fig. A.2 O -shaped template for blob labeling of 8-
connected regions 

The algorithm is modified as follows. 

Algorithm A.2 Blob Labeling for 8-connected regions 

Initialize the label (region) map with O's. Let the initial label, k = 1. 
Scan the image from left to right and top to bottom. 

If /(xc) = 0 then continue 
else 

begin 

if ( f ( x - i )  -  1 or f ( x 2) = 1 or f ( x 3 )  = 1 or / ( X 4 )  = 1) 
then label(xc) := min(label(xi), Iabel(x2), label(X3), Iabel(x4)) 

* more than one label is equivalent (connected) * 
if (more than one pixel of x-|, X2, X3, X4 has value 1) 
then labels of these pixels (having value 1) are equivalent 

* new blob (region) is scanned * 
if ( f ( x - i )  =  0 and f ( x 2) = 0 and f ( x 3) = 0 and f ( x 4 )  = 0) 
then label(xc) := k; k := k+1 

end 
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APPENDIX B 

Optimum Vector Searching Method (sec. 4.2) 

Here, we introduce a searching method for finding a vector that 

minimizes the error of a unimodal error curve in multi-dimensional 

space. If we suppose the error curve is a function of the vector 

direction but not of the absolute magnitude, the problem can be 

reduced to finding a point on the wi + w2+..wn = l plane (in the n-

dimensional case). Taking two-dimensions for example, we need to 

find a vector that is closest to the minimum of the error curve in Fig. 

B.l. 

error curve • first iteration 

• second iteration 

a third iteration 

Wi 

Fig. B.l Method for finding a vector that is closest to the 
minimum of an error curve. 
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We can apply a searching method similar to a binary search 

except here the searching range is divided into five levels instead of 

two. The problem is to find a way to equally divide the searching 

range on the line wi + w2=l into five points. In the first iteration, the 

whole range is searched. The searching range in each dimension is 1 

(0 to 1) and the searching step is 0.25 (1/4). After the first iteration, 

the weight vector C i which gives the minimum error can be found. 

In the second iteration, the searching range is narrowed by one half 

to 0.5 with C i as the center of search, and with a new search step of 

0.125 (0.5/4). The minimum error occurs at C2, etc. The iterations 

are ended when the minimum total ranking error is reached. 

(0,1,0) 
W2 +W3 =0.75 

W2 +W3 = 0.25 

Wi 

(1.0,0) 

W1 + W2 +W3 = 1 

(0,0,1) 

Fig. B.2 This 3-D example shows the points searched in 
the first iteration of the the optimum vector 
searching method. 
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Figure B.2 shows the example of equally spaced points on 

Wi+W2+W3=l over the range 0<wi,w2,w3<l in the first iteration in the 

three-dimensional case. Here, the searching range is 1 and the 

searching step is 0.25 in each dimension. From Fig. B.2, we see that 

the distance between any two adjacent points along each dimension 

is 0.25. For wi=0, there are 5 points on the W2+W3=l line over the 

range 0<W2,W3<1, just as in the two-dimensional example in Fig. B.l. 

For wi= 0.25, there are 4 points on the W2+W3=l line over the range 

0<W2,W3<1, etc. Suppose vector Ci minimizes the error of the error 

curve after the first iteration. We further narrow the searching to 

0.5, and the searching step to 0.125 in each dimension. The new 

equally spaced points used in the second iteration are shown below. 

(0,1,0) 

W ] f  W 2  + W 3  =  1  

Wl 

(1,0,0) 

(0,0,1) 

Fig. B.3 This 3-D example shows the points searched in 
the second iteration of the the optimum vector 
searching method. 
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These points project at 5 points in each coordinate, and the distance 

between any two adjacent points along each dimension is 0.125. 

The algorithm of the method for finding a vector that 

minimizes the error of a unimodal error curve by gradually 

narrowing the searching range is as follows. 

Algorithm B Finding a vector on W] + W2+W3=A over the 
range 0<W1,W2,W3<A that minimizes the 
error of a unimodal error curve 

Notations: 
min-step: minimum searching step 
min-error: minimum error of the current iteration 
error(wi ,W2,W3): error at vector (w1.w2.w3) 

Initialize the center c-|, 02, C3 in each dimension with A/2, and the 
searching step d with A/4. 

while (d > min_step) 
begin 
for wi = (C! -2d) to (ci+2d) step d 

begin 
if (wi < 0) continue next wi 
if (wi > A) break the for-wi loop 
for W2 = (C2-2d) to (C2+2d) step d 

begin 
if (W2 < 0) continue next W2 
if ((A-W1-W2) >A) break the for-W2 loop 
if error(w-| ,W2,W3) < min_error 

begin 
opt_ci = W1 

Opt_C2 = W2 

Opt_C3 = W3 

min_error = error(wi ,W2,W3) 
end 

end 
end 

ci = opt_ci 

C2 = Opt_C2 

C3 = Opt_C3 

6 = 612 
end 



This algorithm can be applied to higher dimensions 

straightforward way by increasing the number of for-loops. 
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