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Abstract: This paper describes an edge detection 
system based on fuzzy reasoning. The system consists of 
three stages. The first stage provides an initial estimate 
of the pixels in an image that belong to an edge. The 
second stage is the main detection system which is a 
relaxation based process employing fuzzy reasoning 
principles. Fuzzy reasoning is used to determine the 
strength of an edge running through the relaxation 
operator and also to adapt the operator to edges of 
different curvature and contrast. This stage strengthens 
and links edges in the initial estimate. The final stage 
provides a final thinning and formatting for human 
viewing. The edge detector has been applied to two test 
images. The results are compared to those obtained 
from two common edge detection systems. It is observed 
that the proposed detector has better performance in 
detecting low contrast edges and some corners. The 
detection system also retains comparable high curvature 
edge detection ability, and hence a greater ability to 
adapt to edges of different scale. The low level of fuzzy 
reasoning used to produce these improved results 
suggests that a more complex fuzzy reasoning system, 
one with a greater level of intelligence, would provide 
further improvement. 

Keywords: Edge detection, Relaxation based 
process, Fuzzy reasoning 

1. Introduction 

Edge detection is a critical element of machine vision 
and perception. "Edge detection has had the single 
greatest influence on computational algorithms for 
picture processing to date. It is a simple, yet powerful 
concept and very intimately involved with vision in both 
man and machine." [9]. It is part of what is called Early 
vision. The process reduces the dimensions of the input 
image, making the data easier for higher-level reasoning 
to handle. In this way, edge detection provides the 
foundation for machine based feature extraction and 
shape analysis and hence also for pattern recognition. 

Detection of edges in a digital image is a difficult task. 
There are three major reasons for this. The first is 
aliasing caused by sampling of continuous space to get a 
digital image and by the lens on the camera used to 
capture the image - which means no edge in the image 
will be perfect. The second reason is due to the fact that 
the image is made up of discrete pixels. Continuous 
edges are unlikely to lie exactly on these pixels. This 
means that edge detection systems must either 
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approximate the sub-pixel position of the edge, or suffer a 
quantisation error by assuming the edge runs along the 
nearest line of pixels. The third problem is noise. Noise in 
digital images has been found to be additive white Gaussian 
noise [3]. The noise adds further difficulty for the edge 
detector to find the location of edges and also introduces 
false edges into the image. 

Although much work has been done on improving edge 
detection methods and devising new ones, current edge 
detection systems are somehow unsatisfactory. They tend to 
fail where contrast is low or spatial curvature is high (for 
example junctions and corners). The lack of significant 
progress in the detection systems suggests that the problem is 
an extremely difficult one. It suggests that some new 
approach is required, an approach with a better reasoning 
ability and one that is not simply a revision of an existing 
method. New approaches are probably worthwhile exploring 
because edge detection is such a critical element in pattern 
recognition. 

The motivation for the detection system proposed here is 
based on the problems of existing detection methods, and the 
tendency for these systems to be based on similar methods. 
Hence a brief examination of previous work is appropriate. 
Following this is an overview of the detection system. 
Section 5 shows the results obtained from applying the 
proposed detector to the test cases. Finally, the conclusions 
summarise the detectors performance and areas for possible 
improvement are given in the last section. 

2. Previous work 

Although edge detection has been the focus of attention in 
image processing and pattern recognition, there is no 
definitive text that summarises and assesses the entire field. 
There are texts that assess some of the field. Levine in 
reference [9] provides a reasonable summary of earlier 
detectors and also why edge detection is an attractive option 
in early vision. Heath in Reference [5] gives an assessment 
of the Canny, Nalwa, lverson, Bergholm, and Rothwell 
algorithms based on their perceived performance on a 
number of real images. An assessment strategy and 
comparison of results for Sobel, Canny, lverson, and Crack-
Edge relaxation over a variety of images is also described in 
Reference [1]. On the other hand, Fleck in Reference [3) 
describes some improvement for a few well-known detectors 
including those developed by Marr and Eldrith, and Canny. 

Edge detectors developed have been based on a number of 
techniques including surface fitting, template matching, and 
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dictionary-based relaxation. The dominant form is based 
on low pass Gaussian filtering and then some sort of 
differencing function (usually ftrst or second difference). 
The basic detector ftnds the maxima in the ftrst order 
difference or the zero crossings of the second order. A 
detection system with increased complexity using 
logical/linear combinations of difference functions up to 
fourth order has also been reported in Reference [7]. 
Although each of these systems makes some 
improvement over previous methods, they are all based 
on similar approaches and tend to suffer in performance 
in similar areas. Examples of these methods can be 
found in [2], [3], and [7). Three of these types of 
detector were comprehensively investigated in a 
previous project [1]. They are the Fleck [3], Iverson and 
Zucker [7] and also an early well-known detector 
developed by Sobel. As this class of detector is the 
dominant form of current edge detection methods, it is 
used for comparison of results in the later section. 

Figure 1 is a test image and Figure 2 shows the results of 
applying the lverson edge detector to the image. This 
image is designed specifically to test the response of the 
detector to noise. The result obviously has many false 
positive responses (edges in the output image that exist 
only because of noise in the input image). It is also 
obvious that the edges are not continuous or properly 
linked. Overall, the result of the detection system for 
this image is rather poor. Other detectors tend to 
perform even more poorly for this image [1). 

Figure 1. Test image. 
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Figure 2. Results of applying lverson detector to the 
image in Figure 2 [1]. 
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The well-known Lena image shown in Figure 3 is used as a 
test case. Figure 4 shows the results when the Fleck detector 
is applied. Figure 5 marks the regions where the Fleck 
detector fails. The white circles indicate two good examples 
of how common edge detectors fail at corners. Where the 
edges leading up to the corner should be straight they are 
curved. The edges do not meet, as they should. The black 
circles indicate where the Fleck detector has failed to pick up 
low contrast edges. 

Figure 3. The Lena test image. 

Figure 4. Results of applying the Fleck edge detector to the 
Lena image. 

Figure 5. Areas of poor performance by Fleck edge detector 
and other common detectors. 

These are some examples of the problems that occur within 
the edge detected images produced by the common edge 
detectors employed at the present time. This suggests that 
current edge detection systems have much room for 
improvement, in particular in their response to noise, high 
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curvature edges, and low contrast edges. Further, that 
many of these detection systems tend to be based on the 
same analytically derived principles, suggests that a 
different approach is required. 

3. The Proposed System 

Given that most of the common edge detection systems 
are based on analytical results - usually an ideal step 
edge with added Gaussian noise - a reasonable approach 
that differs significantly from this is to use Fuzzy 
Reasoning. Rather than analysing an artificially created 
edge and optimising an operator for it, the proposed 
system first makes some basic assumptions about the 
properties of edges. It then applies fuzzy logic reasoning 
to the real images. This is followed a refinement of the 
assumptions through experimentation. 

The detection system proposed is designed with the 
intention of overcoming the problems associated with 
noise, high curvature, and low contrast through the use 
of a relaxation operator based on fuzzy reasoning. The 
detection system is split into three distinct stages. The 
first forms an initial estimate of the probability that each 
pixel in the input image is an edge pixel (the "edgeness" 
of each pixel). The second stage refines this estimate 
iteratively, performing strengthening, thinning and 
linking of edges (also known as relaxation). This second 
stage is the core of the system and the focus of this 
paper. The final stage is very simple and involves a final 
thinning of edges to a width of one pixel. 

There are a limited number of ways that the initial 
estimate can be calculated while keeping the level of 
sophistication reasonably low. These include 
combinations of the first differences and variance over 
fixed size regions - all of which basically provide a 
measure of the change in luminance over a small region. 
The similarity in the measures means that revision of 
this stage can only yield small improvement. The 
differences occur in a trade-off between the localisation 
ability and response to noise. Smaller operators tend to 
have better localisation ability, but poor noise response. 
The system proposed uses a simple fuzzy combination of 
a large operator and a small operator. In areas of high 
variance the small operator response is given a weight of 
one, and in low variance areas the large operator 
response is given a weight of zero. 

The final thinning stage uses a simple edge tracing 
method. This method is described in [13]. A threshold 
was applied manually to the final thinned image to 
adjust the image such that similar levels of edge/noise 
appeared in the image for better comparison with 
existing results. 

Volume 7, No. 1/2 

23 

3.1 The Relaxation Based Operation 

The relaxation stage of the detection system involves 
applying an operator to each pixel from the result of the 
previous iteration of relaxation. The result of the current 
iteration is the result of the previous iteration plus the result 
of applying the operator at each pixel. In the case of the first 
iteration, the operator is applied to the initial estimate of 
probabilities. The result of each iteration can be interpreted 
as an updated probability that each pixel lies on an edge 
(updated value of edgeness). 

The fuzzy reasoning for the operator is split into two levels. 
The first is the calculation of a value representing the 
strength of the edge running through the operator (applying 
the operator). The second is a set of rules to adjust the 
operator size and shape to suit the local neighbourhood. 

3.1.1 Internals of the Operator 

The internal workings of the operator are based on two basic 
ideas. The first is that edges are continuous. The second is 
that edges lie approximately on the maxima of the initial 
estimate of probabilities or the result of the previous 
relaxation iteration. Figure 6 shows a diagram of the 
operator. 

Figure 6. The relaxation operator. 

The operator is positioned with the centre at each pixel in the 
input to the current iteration. If it is assumed that the 
operator is centred on a pixel that lies on an edge (it will 
have a high edgeness), then due to the assumption of 
continuity, there should be another pixel with a high 
edgeness adjacent to the centre pixel in the estimated 
direction of the edge. Continuity also suggests that the other 
high edgeness pixels should also have a similar edge 
direction estimate. Due to noise, allowance for edge 
curvature, and inaccuracy in the estimate of the edge 
direction, some tolerance must be allowed. The assumption 
that edges lie approximately on the maximums of the initial 
estimate suggests that the regions to either side of the 
estimated edge direction should have lower edgeness than 
the pixels along the estimated edge direction. Again, due to 
noise some tolerance must be allowed. 
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Given this basic reasoning, if the operator is assumed to 
be centred on a pixel that lies on an edge, the area within 
the operator should have the following characteristics: 

1. At least one high probability edge pixel in 
region 1 with a similar edge direction estimate 
to the centre pixel. 

2. Similarly for region 2. 
3. Continuity suggests that both 1 AND 2 should 

hold. 
4. Most of the pixels in region 3 should have low 

edgeness. 
5. Similarly for region 4. 
6. Edges being on maximums suggests that both 4 

AND 5 should hold. 
7. The edgeness in regions 1 and 2 should be 

higher than the edgeness in regions 3 and 4. 

This set of characteristics can be converted into a value 
for each pixel by the combination of two simple fuzzy 
rules. To cover the term 'at least', the maximum 
compatibility pixels in both regions 1 and 2 are taken 
(call these values High1 and High2 respectively). 
Where compatibility is a measure combining both 
probability of being an edge pixel and the similarity in 
estimated edge direction (This was implemented as the 
product of edgeness and (1 +cos( direction difference))). 
For the term 'most', the average edgeness of each of 
regions 3 and 4 is found (call these values Low 1 and 
Low2). Given these numerical values, characteristics 3 
and 6 lead to two fuzzy rules: 

• For the regions 1 and 2: 

IF 

THEN 

High1 is high AND 
High2 is high 
edgeness is high. 

This rule results in a fuzzy output of min(Highl, 
High2). 

• For the regions 3 and 4: 

IF 

THEN 

Low1 is not high AND 
Low2 is not high 
edgeness is high. 

Applying de Morgan's theorem, this rule results in a 
fuzzy output of (1 - max(Low 1, Low2)). 

Characteristic 7 leads to the combination of the two 
rules: 

Increment= min (High1, High2)- max (Lowl, Low2) 
....... Equation 1 

The operator functions as follows. For each iteration, 
and for each pixel in the image: 

• Find the maximum compatibility pixel in each 
High region. 
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• Find the average edgeness of pixels in each Low 
region. 

• Apply the rules defined above. 
• Increment the edgeness estimate of the pixel by 

min(High1, High2)- max(Low1, Low2). 

If the centre of the operator is on an edge pixel the 
assumptions hold and so the increment is high. If not, the 
assumptions don't hold and the increment is low. Hence 
edges are strengthened, non-edges are not. As more 
iterations are performed, the edges take on an edgeness value 
much higher than non-edges. Also pixels that are part of an 
edge, but have a low initial edgeness estimate, are enhanced 
because of the surrounding high level pixels (the 
assumptions still hold). Hence, edges that are broken due to 
noise are linked. 

3.1.2 External Modification 

The use of regions in the operator rather than fixed pixels to 
determine values for the fuzzy rules allows for greater 
tolerance of noise, elimination of error in direction estimate, 
and curvature. A logical extension of this is to change the 
size of the region to change the tolerance. A set of principles 
is proposed below to allow the creation of a set of fuzzy 
rules to automatically change the size of region. It also 
allows the operator to adapt appropriately to the properties of 
the local neighbourhood. 

1. The wider and longer the operator, the greater its 
tolerance to noise (a greater number of samples reduces 
the variance from the mean). The greater the tolerance 
for noise is expected to perform better at detecting low 
contrast edges (which have a low signal to noise ratio). 
Note that for high contrast edges, the signal to noise 
ratio is much higher, hence in these areas the operator's 
tolerance for noise does not need to be as high. 

2. The wider the operator, the lower is its ability to detect 
spatially close edges. This is due to the operator's 
inherent non-maximal suppression. If two maximums 
lie along the length of the operator within the operator 
bounds and within a half width (of the operator) of each 
other, the one with a lower value will be suppressed. 
That is, the application of the operator will yield a 
positive value for the higher maximum and 
approximately zero for the lower. With subsequent 
iterations the difference will increase, and eventually the 
weaker edge will not appear in the edge result. This 
implies that the thinner the operator, the better its ability 
to detect spatially close edges. 

3. Due to the assumption of an edge running along the 
length of the operator, the longer the operator the lower 
its ability to detect high curvature edges . 

From these basic ideas it is possible to infer the following: 

1. High curvature edges require a short operator. 
2. Low contrast edges require a long and wide operator. 
3. Spatially close edges required a skinny operator (low 

width). 
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To automatically choose the length and width for the 
operator, a numerical measure for edge curvature and 
local neighbourhood contrast is required. Contrast can 
simply be measured as the standard deviation of 
luminance over a small region. Curvature is more 
complex. Rather than a measure for curvature, a 
measure of straightness was used in implementation. 
The calculation of this measure can be found in [8]. The 
values of straightness and contrast are calculated directly 
from the raw image. 

From these ideas and values, the following fuzzy rules 
were derived: 

Contrast Straightness Length Width 
Low Low Medium Medium 
Low High High Medium 
High Low Low Low 
High High Medium Low 

Table I. Fuzzy rules for operator shape manipulation. 

It was found by experimentation that an extra condition 
was required for very high curvature areas: 

IF 
THEN 

straightness is very low 
length and width are low. 

where very low straightness can be implemented as the 
square of the membership value straightness. 

The mathematical for of the rules is then: 
Le h ngt 

+ + J.lc + + J.lE 
Width J.lEWL +J.lFWM +J.lGWL 

J.lE +J.lF +J.lG 
where: 
LL,LM, LM ,WL, and WM arecontants, 
J.lA =min(l-O'G,l-O's), 

=min(l-O'G,O's), 
=min(O'G,l-O's), 
= G s ), 

J.lE 
J.lF=l-O'G 

G =Gradient membership value 
=Straightness membership value 

....... Equation2 

Reasonable values for the constants were found through 
experimentation&. The following values were used to 
produce the result shown in Figure 8: 

LL =10.0 
LM =2.0 
LH =0.0 
WM =4.0 
WL=0.5 
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3.1.3 Half Edges 

Rather than updating a single pixel value for each application 
of the operator, a half edge was updated instead. A half edge 
is simply the name given to a line segment in the direction of 
the edge. This method was adapted from [6], which 
describes an approach for edge detection where the detection 
phase involves adding half edges to an image that are 
constant in magnitude and positioned based on relative 
luminance change rather than detection on a point by point 
basis using absolute luminance change. This gives an initial 
detection image that is reasonably independent of the 
contrast of the edges. That is, the use of half edges makes 
the detection of low contrast edges similar in magnitude to 
the high contrast edges. 

The use of the half edge is as follows. The increment value 
(Equation 1) is calculated as normal. This value is scaled by 
lN(operator length), as it was found that unsealed, the half 
edge modification favoured low contrast edges too strongly. 
The scaled value was then added to the edgeness value of all 
pixels along the line passing through the pixel at the centre 
of the operator in the estimated edge direction and bounded 
by the operator borders. The new edgeness value for each 
pixel is used only in the next iteration of relaxation, not the 
current. The updating of a half edge of pixels rather than a 
single pixel for each application of the operator improves the 
detection of low contrast edges and also improves the linking 
of edges (due to the stronger pixels in an edge supporting the 
weaker ones). 

4. Results 

.. 
l J 

' 

Figure 7. Results of applying a modified detection system 
to the test image of Figure 1. 

Figure 7 shows the results of applying a modified version of 
the edge detector presented in the previous section. The 
modification is simply to use a fixed size operator (7x7) 
pixels rather than vary the size according to the rules given. 
This gives an idea of how well the operator can perform if 
the length and width of the operator are selected well. This 
result is obviously superior to that shown in Figure 2 as the 
edges are far better linked and there is much less noise which 
were shown as falsely detected edges. 
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Figure 8 shows the results of applying the complete 
detector to the Lena image. Examples of where these 
results are better than those of common detectors 
(example of the Fleck detector shown in Figure 4) are 
shown in Figure 9. 

The main performance gap lies in the detection of low 
contrast, low curvature edges. It is obvious that many 
more low contrast edges appear in the results of Figure 8 
than the results of the Fleck detector. 

The second performance gap of note is the junctions 
highlighted in Figures 5 and 9. The results of the 
detector are obviously better here. The edges leading up 
to the corner are straight and the edges meet rather than 
stopping before the corner. 

The third performance gap lies in the edges found in the 
face. The edges in this area in Figure 8 are cleaner and 
better defined than those found by the Fleck detector. 
This is also the case in the feathered region of Lena's 
hat, but to a lesser degree. 

The combination of these three performance differences 
suggest that the detector described here has a far greater 
ability to adapt to edges of different scale. Both the high 
curvature and the low contrast, low curvature edges are 
detected. The operator does this without any explicit 
smoothing or use of multiple scales. This ability could 
possibly be improved through the use of multiple scale 
images (different levels of smoothing) as the input to the 
detection system. 

There are also some areas where the detector does not 
perform as well. There are a few edges that are jagged, 
but should be straight, and there are gaps in a small 
number of the edges. This is likely to be a bug in the 
implementation caused by changing the length and width 
of the operator in discrete size jumps rather than the 
method, as tests for operators with a fixed size over the 
whole image do not exhibit these problems (see [11]). 

Figure 8. Result of applying the unmodified detection 
system to the Lena image (Figure 3). 
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Figure 9. Areas of improved performance. 

5. Discussions 

5.1 Detector Performance 

The relaxation phase of the detection system provides 
significant improvement, through linking, thinning, and 
strengthening, of edges found in the initial estimate of 
probabilities. It allows for the improvement of edges of 
different scale by adapting the operator size to match the 
scale determined by the contrast and curvature of the edge. 
This provides significantly better detection (than the other 
systems examined) for low contrast, low spatial curvature 
edges, while keeping comparable detection ability in high 
curvature and high contrast areas. 

Despite the successes, there are areas that require 
improvement. The integration of different size operators 
causes some artifacts in the edges (jagged where they should 
be smooth and some broken edges) and degradation of 
performance in some areas. The estimated edge direction 
remains the same throughout the process. Finally, only one 
edge model is assumed, with no specific allowance for 
junctions or lines (lines as opposed to edges). 

A possible solution is to use better variables for determining 
the operator size and shape. These can be variables that have 
greater independence (lower correlation) or measure over a 
wider range of local image properties. In either case, it 
means increasing the degrees of freedom for size and shape 
selection will allow more accuracy in the selection. Another 
possibility is modifying the size change from discrete jumps 
to a more continuous change. This would involve giving 
each pixel in the operator bounds a weight on the interval [0, 
1] dependent on the position of the pixel. This would 
involve a significant change in the relaxation operator 
formulation, as the current operator logic requires the pixels 
to be treated as discrete objects (weight of 1). 

No specific problems have been attributed to the estimate 
edge direction remaining the same, but relaxing the initial 
estimate could provide some improvement. Previous work in 
references [4], [10], and [12], have all described edge 
detection based on the relaxation of an edge direction 
estimate. This strongly suggests that its incorporation into 
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the detection system described would provide 
improvement to the direction estimate and hence the 
final edge image. 

Assuming only one edge model could be a major factor 
in the operator performance. Considering a number of 
labels corresponding to a number of edge models (for 
example junctions, corners, edges, and lines) for each 
pixel instead of just the one measure of edgeness could 
improve the operator performance significantly. This 
would involve an increased number and variety of initial 
detection variables with a more complex methods of 
combining them to find the value for each label. 
Similarly, more complex relationships and interactions 
between the different labels (rather than a single label 
with itself) are also required to relax the initial values. 
This should at least provide better detection at the 
junctions. 

5.2 Fuzzy Reasoning Performance 

Only a low level of fuzzy reasoning was employed in the 
detection system described, resulting in a simple 
detection system. Despite this, the system showed better 
performance particularly in the ability to adapt to 
different scale edges. Fuzzy reasoning allowed the use 
of various inputs to be used to do this through a set of 
intuitive rules. 

As only a low level of fuzzy reasoning was used, with 
only two variables being used for the formulation of 
rules, it is obvious that the complexity of reasoning can 
be increased. An increased level of fuzzy reasoning 
would allow for more variables to be used and an ability 
to handle more classes of edge types. In addition, more 
complex and specific relationships between the variables 
and classes of edge need to be established. If the simple 
fuzzy reasoning has allowed for a small performance 
increase, then it is likely that a more intelligent fuzzy 
reasoning will result in a larger improvement. The 
intelligent reasoning will require further 
experimentation, not just because more complex 
interactions and relationships are involved, but also 
because the relationships will be non-intuitive. For this 
reason, it requires further studies in proposing means to 
incorporate the various factors while improving the 
overall performance. 

6. Conclusion 

This paper has described an edge detection system 
using a relaxation operator and fuzzy reasoning. The 
system consists of three stages: an initial estimate of the 
pixels in an image that belong to an edge, a relaxation 
based process employing fuzzy reasoning principles to 
determine the strength of an edge and a final thinning 
and formatting process. The edge detector has been 
applied to two test images and compared to those 
obtained from two common edge detection systems. The 
proposed detector has better performance in detecting 
low contrast edges and corners. The detection system 
also retains comparable high curvature edge detection 
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ability, and hence a greater ability to adapt to edges of 
different scale. The low level of fuzzy reasoning used to 
produce these improved results suggests that further studies 
in the development of a more intelligent fuzzy reasoning 
system would provide further improvement. 
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