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A b s t r a c t .  There exist many experimental situations in which a sub- 
jective rather than an objective test of a specific variable proves to be 
a much more relevant method of investigation. Examples of such cases 
abound in experiments involving human perception or human interac- 
tion. When performing tests of the human visual process, one particular 
subject may view something differently than another. In such situations, 
objective tests are very difficult to generate and often completely un- 
leasable due to the fact that they do not accurately model human per- 
ception. Because of the intimate relationship between image processing 
and the human eye, subjective tests are extremely important when the 
final judgement if an image is passed by the human eye. In this paper 
insight into what method of colour edge detection results in edgemaps 
which are in best accordance with what the human eye sees. In partic- 
ular, this paper presents a comparison of the relative subjectively based 
performances of a group of basic order statistic and difference vector 
operator detectors. 

1 I n t r o d u c t i o n  

Order Statistics have recently gained much attention in the field of image pro- 
cessing, and have proved to be extremely powerful when applied to the area  of 
colour edge detection [1]. Order statistics provide elegant methods of analyz- 
ing the vast amounts  of da ta  within digital images, followed by straightforward 
means by which various features (e.g. edges) can be extracted.  Unfortunately, 
numerical da ta  useful in providing an effective means to compare edge detectors 
is very hard to come by. As a result, it is often more convenient to ra te  vari- 
ous detectors using subjective tests. Subjective testing provides insight into how 
specific detectors fare when compared to tha t  being modeled, namely tile human  
eye. This paper  a t tempts  to address the relative performance of various colour 
edge detectors such as the Vector Range (VR) and the Difference Vector Median 
(DVMedian), based on a subjective analysis of visual inspection by several test  
subjects. 

The authors can be reached at the University of Toronto via electronic 
mail at the following addresses: androup@dsp.toronto.edu, zeus@dsp.toronto.edu, 
kostas(@dsp.toronto.edu and anv@dsp.toronto.edu respectively. 
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2 C o l o u r  E d g e  D e t e c t i o n  v i a  O d e r  S t a t i s t i c s  

The detectors considered here can be separated into two groups. Group 1 is 
comprised of order statistic based edge detectors [1], [2]. Namely, they are the 
Vector Range detector (VR), the Minimum Vector Dispersion detector (MVD), 
and the Nearest Neighbor detector (NN) which has two different forms. First, 
the definition for the Vector Range detector can be expressed as 

V R  = IVN - vl I, (1) 

where the distance metric used is the Euclidean distance or g2 norm. The vectors 
vl and vN represent the first and last members in the set of R-Ordered vectors 
[3] derived from the 5x5 pixel window. The MVD detector has a more complex 
form than that  of the simple VR detector, and is defined as 

I 

M V D  = min i ( Iv (N+1)_  j - Z vi TI), (2) 
i=1  

with delimiters on the parameters i = 1,2, . . . N , j  = 1,2, . . .k,k < N, and I < N, 
where N is the number of pixels in the window. After much experimentation, 
it was found that  using l = 10, and k = 6 provided satisfactory results. Lastly, 
the Nearest Neighbor method expands on the ideas of the VR and MVD edge 
detectors. In the first variant, the VR detector is altered to determine the range 
between the maximum outlier and a vector obtained by use of the adaptive 
Nearest-Neighbour filter [2]. This edge detector is defined in the following equa- 
tion: 

N - 1  

N N V R  = IVN - Z wivi l .  (3) 
i = l  

The term wi is a weighting constant which is inversely proportional to the di- 
vergence of the vector vi from the group. In other words, outliers which differ 
very much from the reference vector are apportioned a smaller percentage of the 
total weight available than those vectors which are close to the reference. This 
weighting constant is characterized by the following: 

d N  -- di  
= . ( 4 )  

N d N  - Y~N=I di 

The denominator term is used to normalize all the weights such that their sum 
is equal to unity. The distances, di, and dN, are determined from the method 
of reduced ordering [3], where the g2 norm, and a median vector are used as 
the distance metric and reference vector respectively. A special case exists for 
this weighting function. Specifically, in a highly uniform pixel window where 
there are no edges, all the Neighbouring pixels have the same value as the centre 
pixel. This results in the denominator of the weighting fimction equating to zero, 
thereby causing the weights to approach infinity. In such a scenario, amends can 
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be made by replacing the summation in (4) with the vector vo (the centre pixel)~ 
Since all pixels are identical, the distance between the vector Vo and the outlier 
v g  will be zero, and no edgemap will be created. 

In the second variant, a method similar to the MVD detection technique is 
used. The NNMVD detector can be defined as: 

t 

N N M V D  = minj( tv(N+l)_j)  - Z w~dil). (5) 
i~-.t 

The four edge detectors that constitute Group 2 are based on the concept of 
Difference Vector Operations [4]. The difference vector operation uses opposite 
vector pairs within the pixel window along with the Euclidean distance to de- 
termine the gradient in each of four possible directions (0 °, 45 °, 90 °, 135°). 

8 

Fig. 1.3x3 pixel window. 

An example of a gradient resulting from the opposite pair in the direction 0 ° 
is: 

do = - v s I .  ( 6 )  

The vector gradient can then be determined as the maximum resulting from the 
set of all such possible gradients. 

V G  = max(do, d45, d9o, dx35). (7) 

Changes must be made to this edge detector to enable us to work with a 5x5 pixel 
Window. First, the window must be partitioned into a set of four subwindows 
each corresponding to the same four directions as the in case of the 3x3 window. 
This is shown in Figure 2. 

Each subwindow contains eleven vectors [4]. The vector for the centre pixel 
is common to each subwindow. By applying each detector 's characteristic filter- 
ing algorithms to each of the .eight subwindows (e.g. Median or Mean filter), a 
total of eight distinct vectors (so+, so- ,  s45+, ..., s135-, s135+) can be obtained to 
reduce the 5x5 window to a 3x3 window. Four filtering algorithms were used 
in the reduction of the 5x5 window, resulting in four different edge detectors. 
Specifically, detectors were realized with the Mean filter, the Median filter, the 
c~-trimmed Mean filter (c~=0.3), and the Nearest Neighbor filter [5]. 
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Fig. 2. Subwindow configurations. 

3 E x p e r i m e n t a l  P r o c e d u r e  a n d  S u b j e c t i v e  T e s t i n g  

In this experiment, the aforementioned edge detectors were compared in four 
different scenarios. All eight algorithms were applied to the original image, and 
corrupted images using Gaussian, Impulsive, and mixed noise composed of a 
combination of impulsive and Gaussian noise. After detection, the outputs of all 
the algorithms were thresholded using a histogram. Through experimentation, 
a ten percent threshold value was found to provide adequate results. 

Fig. 3. Gaussian corrupt lenna. 

The criteria used for subjective testing were as follows: 
Detec t ion  - This criterion measured how well a particular detector per- 

formed considering the noise environment within which it operated. It was ex- 
plained to the subjects that good detection meant that the algorithm had to 
create an edgemap which effectively delineated actual edges in comparison to 
the original, while suppressing noise and not generating false edges. 

Cont inu i ty  - Subjects rated each detector on the consistency of the lines 
outlining the edges. Edge lines that were not broken were considered very good, 
and lines with absolutely no breaks were considered ideal. 
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T h i n n e s s  - This criterion provided a measure of how much uncertainty was 
created by a particular detector when creating an output.  Thin edgemaps (one 
pixel in width deemed ideal) meant that  the edge detector could precisely find 
a particular edge with very little ambiguity. 

V i su a l  A p p e a l  - This category was used to take into account any human 
factors involved with the rating of the edgemaps. Persons participating were told 
that  scores in this category could be based under whatever criteria they deemed 
necessary or important  for an overall good edge detector output.  

Each output  was subjectively rated by 19 persons on a scale of 0(poor), 
l(below average), 2(average), 3(above average) and 4(good). The rationale for 
using this particular scoring system was that  it permitted the rating of outputs  
that  were extremely good or bad, and outputs that  ranked somewhere in the 
middle. In addition, it provided a means for the subjects to assign scores in 
cases where they were undecided on how to rate the output.  Each subject was 
presented with the entire set of eight edge detector outputs, as well as the original 
colour image for comparison in each case (noiseless, Gaussian, impulsive, and 
mixed cases). Each subject was permit ted to examine all edgemaps at their 
own leisure. No time limit was set for output  examination, and the changing of 
edgemap scores as desired by the subject was permitted All subjects used were 
volunteers, and non-experts in the fields of edge detection and image processing. 
Data  values were tallied in tabular form and the averages were calculated for 
each detector for all criteria in each scenario. 

4 E x p e r i m e n t a l  R e s u l t s  

Table 1 gives an overview of the various cases of noise environments, whereas 
Table 2 shows the average scores of each detector for all four noise scenarios. 
There is a marked division between the overall performances of the difference 
vector detectors and the basic order statistic detectors. All of the difference 
order detectors perform very similarly, with slight variations in score and some 
poor performances in specific noise scenarios. The basic order statistic detectors 
behave analogously, but  with clearly inferior scores. 

NOISE TYPE AMOUNT VARIANCE 
Gaussian 30% 5% 
Impulsive 4% 5% 

Mixed 2% Imp, 15% Gau 5% 

Table 1. Noise Distributions. 

Throughout  all the tests, two particular edge detectors consistently at tained 
high performance indexes. Namely, the Difference Vector Mean, and the Dif- 
ference Vector Nearest Neighbour detectors produced outputs that  agreed with 
the subjects in all cases. While only attaining only moderate and low scores, 
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Fig. 5. Output from Minimum Vector Dispersion Detector. 

the Nearest Neighbour Minimum Vector Dispersion detector achieved consistent 
scores in all scenarios with only small variations, and justifiably provided the 
most reliable output among the basic order statistic edge detectors. 

The minimum vector dispersion detector provided edgemaps that  delineated 
edge locations, but did not suppress noise very well. The detector which received 
the highest performance index scores was the Difference Vector Nearest Neigh- 
bour detector. For all input images, this algorithm effectively detected the true 
image edges, and suppressed all three different types of noise. In 'addition, the 
edgemap lines it created were thin, and continuous. The Difference Vector Mean 
provided comparable edgemaps. The only differences between it a~ld the DVNN 
detector were in the noisy cases, where it did not suppress noise as effectively. 
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NOISELESS 
detection 
continuity 
thimmss 

visual appeal 
O V E R A L L  

G A U S S I A N  
detection 
continuity 
thinness 

visual appeal 
O V E R A L L  

I M P U L S I V E  
detection 
continuity 
thinness 

visual appeal 
O V E R A L L  

M I X E D  
hline detection 

continuity 
thinness 

visual appeal 
O V E R A L L  

1.00 
2.31 
0.79 
1.32 

i V R  
[}.32 
[}.21 
[}.89 
0.21 
0.41 

VR 
0.00 
0.00 
0.05 
0.00 
0.01 

VR 
0.00 
0.00 
0.00 
0.00 
0.00 

MVD 
2.11 
1.79 
2.21 
1.79 
1.97 

IMVD 
0.21 
0.42 
1.11 
0.21 
0.49 

MVD 
0.79 
1.32 
1.58 
0.68 
1.09 

MvD 
1.21 
1.21 
1.16 
0.74 
1.08 

NNVR NNMVD DVMean DVMed DVozMean DVNN 
0.89 0.89 3.00 2.68 
1.00 1.26 3.21 2.63 
2.21 1.89 2.68 2.52 
1.32 1.21 3.21 2.42 
1.36 1.31. 3.03 2.56 

NNVR NNMVD DVMean DVMed 
0.47 1.79 2.58 0.10 
0.68 t.42 3.00 0.21 
1.21 1.00 2.21 0.32 
0.47 1.11 2.68 0.00 
0.71 1.33 2.62 0.14 

2.47 3.21 
2.68 2.84 
2.58 2.11 
2.79 2.89 
2.63 2.76 

DVaMean DVNN 
0.89 3.00 
0.79 3.00 
1.32 2.68 
0.58 3.32 
0.90 3.00 

NNVR NNMVD DVMean DVMed DVaMean DVNN 
0.00 1.11 2.32 2.32 0.00 3.68 
0.21 1.42 2.00 1.42 0.32 3.42 
0.00 1.11 2.47 2.11 0.32 2.79 
0.00 0.89 2.00 1.79 0.32 3.58 
0.05 1.08 2.20 1.91 0.24 3.37 

NNVR NNMVD DVMean DVMed DV~Mean DVNN 
0.00 1.74 2.53 1.21 0.37 3.52 
0.00 1.58 2.16 0.94 0.16 3.21 
0.00 1.58 1.16 1.53 0.53 2.74 
0.16 1.21 2.68 1.32 0.21 3.47 
0.04 1.54 2.13 1.25 0.32 3.24 

Table 2. Edge detector scores for various noise. 

5 C o n c l u s i o n s  

Edgemaps can be considered to be one of tile simplest representations of an 
image. Since they are monochronlatic, and because like hand drawn sketches, 
they contain the most crucial information of an image, they can be used for 
object recognition, and robot vision. Also, since edgemaps are small, and easily 
compressed they can be efficiently transmitted with very little bandwidth. This 
is almost an ideal scenario, but due to tile fact that  edge detectors behave differ- 
ently in various noise situations (and sometimes are specifically suited to perform 
well in particular noise distributions), discretion must be used when choosing a 
particular edge detector. The data presented suggests that  from a subjective 
standpoint, the most effective edge detectors for the cases studied were clearly 
the Difference Vector Mean, and the Difference Vector Nearest Neighbour detec- 
tors. This leads to the conclusion that the Difference Vector Nearest Neighbour 
detector provides results which are perceived as favorable by tim human eye. A 
similar statement can be made for the Difference Vector Mean detector but to 
a lesser degree as indicated by its performance indeces. The clear dominance of 
the difference vector operators over the basic order statistic detectors, ushers in 
the conclusion that the use of the directional gradient along with application 
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of the nearest neighbour filter provides edgemaps that are in accordance with 
what the human eye sees. In addition, the nearest neighbour filter has a limited 
ability to compensate for the type of environment in which it operates, meaning 
that  it can effectively suppress noise, and may be the reason why so many of 
the subjects gave it high scores. By subjectively testing edge detectors, insight 
into the way in which the eye perceives edges can be obtained. Development of 
an edge detector which directly addresses the issue of human perception and 
has the ability to adapt to the noise environments which it is placed is a direct 
consequence of this experiment. Future research is being driven by fuzzy and 
multispectral techniques that  show great promise in such a pursuit. It  is notable 
to mention that  a far greater number of persons for subjective testing would be 
extremely useful in the sense that  experimental data  would become much more 
statistically significant, and would cover a more diverse set of people. 
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