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Abstract

In this paper a comparative analysis of different
techniques in order to transform a gray-scale edge
image to a thin binary edge image is performed.
Several thresholding methods and thinning methods
are compared. The comparison is made according to
some performance measures, such as Pratt’s figure
of merit, Baddeley’s measure and the ρ-coefficient.
This study is an essential intermediate step to ob-
tain an objective edge detection algorithm based on
discrete t-norms. This fuzzy morphological algo-
rithm has already shown notable potential in re-
lation with the results obtained from nilpotent t-
norms, umbra approach and classical edge detec-
tors.

Keywords: Edge detection, discrete t-norm, math-
ematical morphology, thresholding method, thin-
ning method.

1. Introduction

Edge detection is a fundamental low-level image
processing operation, which is essential to carry
out several higher level operations such as image
segmentation, computer vision, motion and feature
analysis and recognition. Its performance is cru-
cial for the final results of the image processing
techniques. A lot of edge detection algorithms
have been developed over the last decades. These
different approaches vary from the classical ones
([1]) based on a set of convolution masks, to the
new techniques based on fuzzy sets ([2]).

Among the fuzzy approaches, the fuzzy mathe-
matical morphology is a generalization of the binary
morphology ([3]) using concepts and techniques
from the fuzzy sets theory ([4], [5]). This theory
allows a better treatment and a representation
with greater flexibility of the uncertainty and
ambiguity present in any level of an image. The
morphological operators are the basic tools of this
theory. A morphological operator P transforms
an image A that one want to analyse into a new
image P (A, B) by means of an structuring element
B. The four basic morphological operators are
dilation, erosion, closing and opening. Thanks to
the fact that gray-scale images can be represented
as fuzzy sets, fuzzy tools can be used to define
fuzzy morphological operators. Thus, conjuntors

(usually continuous t-norms, but also uninorms,
see [6]) and its residual implicators has been used.

However, gray-scale images are not represented
in practice as functions of R

n into [0, 1] because
they are stored in finite matrices whose gray levels
belong to a finite chain of 256 values. Therefore,
the images are represented as discrete functions
and discrete fuzzy operators can be used. In [7]
and [8], the algebraic properties usually required to
a morphology in order to become a "good" one were
proved using discrete t-norms as conjunctors and
their residual implicators. In both communications,
some initial experimental results on edge detection
were showed, improving, at least according to
some performance measures, the results obtained
by nilpotent t-norms, umbra approach and some
classical edge detectors.

Usually the fuzzy edge image is an intermediate
step before its binarization. The aim of this work
is studying which is the best non-supervised way to
make this transformation. Note that two processes
must be analysed: binarization and obtention of
edges of single pixel width. As a first approach, the
binarization will be carried out through a single
threshold. Thus, several thresholding methods will
be compared. Thresholding is a simple but effective
tool for classifying, according to the level of gray,
the pixels into two types: those that belong to the
background and those that belong to the object.
The choice of best threshold is a difficult process
and therefore, many methods exist in the literature
to obtain it (see [9]). Here, the well-known Otsu’s
method (see [10]) and some fuzzy thresholding
methods will be compared.

On the other hand, two methods will be com-
pared to obtain thin edges. The first one, the
non-maxima suppression (NMS) was proposed by
Canny in [11]. He suggested that the NMS could
be used as a post-processing operation along with
the gradient operator for edge detection in order
to obtain edges of single pixel width. The second
one is the binary edge thinning algorithm of Zhang
and Suen (see [12]). The main advantages of this
algorithm is that it is fast and simple and it can
be parallelized. Note, however that NMS acts
on gray-scale edges while Zhang’s algorithm, on
binary edges. Thus, given a fuzzy edge image,
two processes will be analysed: NMS and then a
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thresholding method, or a thresholding method and
then Zhang’s algorithm. All these comparisons will
be based on some objective performance measures
vastly used in the edge detection literature: Pratt’s
figure of merit ([1]), Baddeley’s measure ([13]) and
the ρ-coefficient ([14]).

The communication is organized as follows. In
Section 2, definitions and properties of fuzzy dis-
crete morphological operators are recalled. In Sec-
tion 3, the processes which will be compared are
presented as well as the thresholding and thinning
methods used in the following section. In addition,
a brief description of the performance measures is
presented. In Section 4 the obtained results are pre-
sented and analysed. Finally, some conclusions are
pointed out.

2. Fuzzy discrete morphological operators

We will suppose the reader to be familiar with the
basic definitions and properties of the fuzzy discrete
logical operators that will be used in this work, spe-
cially those related to discrete t-norms and discrete
residual implicators (see [15]). From now on, the
following notation will be used: L = {0, . . . , n} a
finite chain, I will denote a discrete implicator, C
a discrete conjunctor, N the only strong negation
on L which is given by N (x) = n − x for all x ∈ L,
T a discrete t-norm, IT its residual implicator, A

a gray-scale image and B a gray-level structuring
element that takes values on L.

Definition 1 ([7, 5]) The fuzzy discrete dilation
DC(A, B) and the fuzzy discrete erosion EI(A, B)
of A by B are the gray-scale images defined as

DC(A, B)(y) = max
x

C(B(x − y), A(x))

EI(A, B)(y) = min
x

I(B(x − y), A(x)).

Definition 2 ([7, 5]) The fuzzy discrete clos-
ing CC,I(A, B) and the fuzzy discrete opening
OC,I(A, B) of A by B are the gray-scale images de-
fined as

CC,I(A, B)(y) = EI(DC(A, B), −B)(y)
= min

x
I(B(y − x), max

z
C(B(z − x), A(z)))

OC,I(A, B)(y) = DC(EI(A, B), −B)(y)
= max

x
C(B(y − x), min

z
I(B(z − x), A(z))).

The reflection −B of an n-dimensional fuzzy set
B is defined as −B(x) = B(−x), for all x ∈ Z

n.

Obviously a discrete t-norm is a conjunctor.
Thus, these operators and their residual implicators
can be used to define fuzzy discrete morphological
operators using the previous definitions. In [7] and
[8], the discrete t-norms that have to be used in
order to preserve the morphological and algebraic

properties that satisfy the classical morphological
operators were fully determined. The most impor-
tant algebraic properties of the fuzzy discrete mor-
phological operators are monotonic properties, good
interactions with Zadeh’s union and intersection,
generalized idempotence of the fuzzy closing and
fuzzy opening. However, the key property in order
to build an edge detector based on discrete t-norms
is EIT

(A, B) ⊆ A ⊆ DT (A, B) when B(0) = n

and consequently, as in classical morphology, the
difference between the fuzzy dilation and the fuzzy
erosion of a gray-scale image,

DT (A, B) \ EIT
(A, B),

called the fuzzy gradient operator, can be used in
edge detection.

In addition to these properties, it is worth to safe-
guard the duality between the discrete fuzzy mor-
phological operators. Therefore, discrete t-norms
satisfying IT = IT,N are needed. This property
holds for the discrete t-norms enumerated in the
following result (see [16]).

Proposition 3 The identity

IT = IT,N

is satisfied in the following cases:

1. When T is the Łukasiewicz discrete t-norm,

TL(x, y) = max{0, x + y − n}

2. When T is the nilpotent minimum given by the
following expression

TnM (x, y) =

{

0 if x + y ≤ n

min{x, y} otherwise

3. When T is an ordinal sum (with only one sum-
mand) of the Łukasiewicz t-norm in a square
[a, n − a]2, a ∈ L with a ≤ n − a, truncated by
0, given by the expression

TnMa(x, y) =














0 if x + y ≤ n

x + y − (n − a)
if x + y > n and
a < x, y ≤ n − a

min{x, y} otherwise

3. Algorithms of thinning and binarization

In the literature, there exist different approaches to
edge detection based on fuzzy logic. These meth-
ods represent the edge image on a fuzzy way, i.e.,
they generate a image where each pixel value rep-
resents its membership to the edge set. Figure 1 is
an example of these images. However, this idea con-
tradicts the Canny restrictions ([11]). These restric-
tions force a representation of the edges as binary
images with edges of one pixel wide.
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Figure 1: Original image (left) and its fuzzy edge
image (right)

In order to satisfy the Canny’s restrictions, the
fuzzy edge image has to be binarized and thinned.
However, these two operations can be carried out
in a different order. This is the essence of the two
algorithms that will be analysed (see Figure 2).
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Figure 2: Block diagrams of the two algorithms con-
sidered.

Algorithm 1 consists on applying non-maxima
suppression (NMS) to the fuzzy edge image in
order to obtain edges of one pixel wide. The fuzzy
edge image will contain large values where there is
a strong image gradient, but to identify edges the
broad regions present in areas where the slope is
large must be thinned so that only the magnitudes
at those points which are local maxima remain.
NMS performs this by suppressing all values along
the line of the gradient that are not peak values
(see [11]). After that, a thresholding method is
applied to binarize the fuzzy thin edges. On the
other hand, Algorithm 2 performs a thresholding
method at a first stage and then, a binary thinning
algorithm is applied. In this case, we will use the
well-known Zhang and Suen’s algorithm (THIN)
([12]) because of its simplicity and speed.

As it is said above, a thresholding method must
be applied in both algorithms. The following
thresholding methods will be used:

• Otsu’s method ([10]) that searches for the
threshold that minimizes the intra-class vari-
ance, defined as a weighted sum of variances of
the two resulting classes.

• Fuzzy C-means method, or FCM, ([17]), where
fuzzy clustering memberships are assigned to
pixels depending on their differences from the
two class means.

• Thresholding using fuzzy measures, or FM,
([18]), where using an index of fuzziness, a sim-
ilarity process is started to find the threshold
point.

• Thresholding using Atanassov’s intuitionistic
fuzzy sets ([19]), where restricted dissimilarity
functions are used in the construction of mem-
bership functions and the ambiguity is repre-
sented by means of Atanassov’s intuitionistic
fuzzy sets. Using two different dissimilarity
functions and three different functions F to
construct the fuzzy sets into the algorithm, six
different algorithms are obtained. The dissim-
ilarity functions are

d1(x, y) = |x − y|, d2(x, y) =
√

|x2 − y2|,

and the used functions F , following [19], are

F1(x, y) = 1 − 0.5x, F2(x, y) = 1

1+x
,

F3(x, y) = exp(−x2 · ln 2).

3.1. Performance measures on edge

detection

For the comparison of the obtained results, some
performance measures have been considered. These
measures need, in addition to the binary thin edge
image (DE) obtained, a ground truth edge image
(GT) that is a binary thin edge image containing
the true edges of the original image, i.e., the ref-
erence edge image. There are several performance
measures on edge detection in the literature (see
[20]). In this work, we will use the following mea-
sures to quantify the similarity between (DE) and
(GT):

1. Pratt’s figure of merit ([1]) defined as FoM =

=
1

max{card{DE}, card{GT }}
·

∑

x∈DE

1

1 + ad2
,

where card is the number of edge points of the
image, a is a scaling constant and d is the sep-
aration distance of an actual edge point to the
ideal edge points. In our case, we considered
a = 1 and the Euclidean distance d.

2. The error metrics of Baddeley ([13]), in-
spired on Hausdorff distances is given by
∆k

w(DE, GT ) =

=





1

|P |

∑

p∈P

|w(d(p, DE)) − w(d(p, GT ))|k





1

k

,
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Figure 3: From left to right: original image and its ground truth; fuzzy edge image; Algorithm 1 (top) with
fuzzy thin edge image (using NMS) and the final result (using Atanassov’s d2 and F3) and Algorithm 2 (down)
with binary edge image (using Atanassov’s d2 and F1) and the final result (using Zhang’s thinning).

Table 1: Results obtained

Mean St. deviation % best results % worst results
Step 1 Step 2 F oM ∆ ρ F oM ∆ ρ F oM ∆ ρ F oM ∆ ρ

NMS

Otsu 0.2619 33.085 0.422 0.0964 19.194 0.1491 0 0 0 0 0 0
FM 0.2703 33.069 0.4289 0.0997 20.233 0.1516 12 12 18 0 0 0
FCM 0.2643 32.907 0.425 0.0993 19.269 0.1526 2 2 2 0 0 0
Ata11 0.1905 36.754 0.3125 0.0892 19.393 0.1478 0 0 0 0 0 0
Ata12 0.1758 37.317 0.2889 0.0815 19.287 0.1367 0 0 0 76 88 98
Ata13 0.2603 33.129 0.4196 0.0973 19.227 0.1506 0 0 0 0 0 0
Ata21 0.2097 35.707 0.3423 0.1016 19.562 0.1642 0 0 0 0 0 0
Ata22 0.1855 37.072 0.2998 0.0945 19.312 0.1412 0 0 0 0 2 2
Ata23 0.3486 27.718 0.5297 0.112 17.059 0.1562 10 4 24 0 0 0

Otsu

THIN

0.3789 21.885 0.5223 0.1352 14.886 0.1671 20 14 22 0 0 0
FM 0.2571 31.352 0.3966 0.1276 20.885 0.1746 4 2 4 8 6 10
FCM 0.3748 23.05 0.519 0.1369 14.761 0.1687 22 20 8 0 0 0
Ata11 0.3168 27.08 0.47 0.1387 16.183 0.1828 2 6 4 2 0 2
Ata12 0.3041 27.6 0.4571 0.1388 16.187 0.185 4 0 4 6 0 2
Ata13 0.3784 22.725 0.5219 0.136 14.707 0.1675 16 10 12 0 0 0
Ata21 0.3353 26.462 0.4877 0.1481 15.9 0.189 10 8 8 0 0 2
Ata22 0.3115 27.448 0.463 0.1446 15.652 0.1895 4 4 4 6 0 2
Ata23 0.3426 22.759 0.4808 0.1218 14.852 0.1641 22 38 16 4 6 8

where P is the set of all the pixels of the image,
k ∈ R, k > 0, d(p, A) represents the distance
between the position p and the nearest position
p′ of A such that p′ is an edge of A and w :
R → R is any concave function. In our case,
we considered k = 2, the Euclidean distance d

and w, the identity function.
3. The ρ-coefficient ([14]), defined as

ρ =
card(E)

card(E) + card(EF N ) + card(EF P )
,

where E is the set of well-detected edge pixels,
EF N is the set of ground truth edges missed by
the edge detector and EF P is the set of edge
pixels detected but with no counterpart on the
ground truth image.

4. Results and Analysis

As we have already observed, the performance mea-
sures need a dataset of images with their ground
truth edge images (edges specifications) in order to
compare the outputs obtained by the different algo-
rithms. So, the images and their edge specifications
from the public dataset of the University of South
Florida1 ([21]) have been used. This image dataset
includes 50 natural images with their ground truth
edge images. Each of the fifty images representing
the domain of generic object recognition contains a
single object approximately centered in the image,
appearing unoccluded and set against a natural
background for the object. The image dataset

1This image dataset can be downloaded from
ftp://figment.csee.usf.edu/pub/ROC/edge_comparison_
dataset.tar.gz
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Figure 4: Original image (left) and its binary thin
edge image (right) using Algorithm 2 with the
Otsu’s method.

contains indoor (39) and outdoor (11) scenes, and
natural (8) and man-made (42) objects. Some
images have highlights, reflections or low resolution.

Figure 5: Original image (left) and its binary
thin edge image (right) using Algorithm 1 with
Atanassov’s method with d2 and F3.

First of all, the fuzzy gradient operator is applied
to the original image in order to obtain the fuzzy
edge image. In the displayed experiments, the nilpo-
tent minimum TnM as conjunctor and the following
structuring element

B =





0 255 0
255 255 255
0 255 0





are applied to obtain the dilation and the erosion
of the image. After that, Algorithm 1 and Algo-
rithm 2 with each thresholding method considered

Figure 6: Original image (left) and its binary
thin edge image (right) using Algorithm 2 with
Atanassov’s method taking d2 and F3.

are applied. Thus, a binary thin edge image is
obtained and using the three performance mea-
sures, its similarity with the ground truth edge
image is computed. In Figure 3, we show all the
steps of an experiment using the two algorithms,
applied to the original image displayed at the up-
per right corner that is the image 221 of the dataset.

Note that in this case, Algorithm 1 provides
a better result than Algorithm 2 since the edges
of the brush are more detailed in the first case
and the shapes are better preserved. In order
to make a general analysis, Table 1 shows the
mean and the standard deviation for the three
performance measures using all the configurations
of the two algorithms. In addition, for a particular
configuration of one algorithm, we specify the
percentage of images for which this configuration
is the best one or the worst one of the eighteen
methods studied. In this table, Ataij means the
Atanassov’s thresholding method using di and Fj ,
respectively.

4.1. Performance measures and comparison

of the methods

At a first sight, it is remarkable that the three
performance measures do not point out the same
algorithm as the best one. While Pratt’s figure
of merit and Baddeley’s metric indicates that
Algorithm 2 with the Otsu’s method gives the
best results on average, the ρ-coefficient shows
that Algorithm 1 with Atanassov’s method using
d2 and F3 performs better than the other ones.
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Figure 7: Original image (left) and the three best binary thin edge images according to FoM (2nd column),
Baddeley (3rd) and ρ (4th). In the first row, from left to right and from top to down, Algorithm 1 with Ata23
is used for the images 2, 4 and 8, Algorithm 2 with Ata11 for image 3 and Algorithm 2 with Ata23 for images
6 and 7.

Figures 4 and 5 show the best results obtained
for the displayed original images according to
FoM and Baddeley’s metric, and ρ-coefficient,
respectively. In Figure 4, we have used Algorithm 2
with the Otsu’s method and in Figure 5 the results
are obtained using Algorithm 1 with Atanassov’s
method taking d2 and F3.

For the case of FoM and Baddeley’s metric,
note that the method with the best average marks
is not the same with the largest percentage of best
results. Algorithm 2 with Atanassov’s thresholding
method with d2 and F3 provides more often the
best results according to these two performance
measures, but on the other hand, it is the worst
configuration for other images. Some examples can
be seen in Figure 6. In general, the visualization of
the results ensures this fact. Therefore, looking for
a compromise between maximizing the percentage
of best results and minimizing, as far as possible,
the percentage of bad results, it is advisable to
use Algorithm 2 with the Otsu’s method to obtain
more regular results.

The results also indicate that Algorithm 2 pro-
vides better results than Algorithm 1. In general,
most configurations of Algorithm 1 detect too
much "short edges" corresponding to illumination
changes, textures and gray-scale variations inside
objects. It is obvious that this fact could be
avoided with a pre-processing step introducing a
threshold related to the maximum length of an
edge. However, there is no guarantee that the
performance measures will improve and there is
also the problem of determining this threshold. On
the other hand, when the performance measures
do not agree between the two algorithms, usually
the one choosing Algorithm 1 provides a better
result. In these cases, Algorithm 1 preserves edges
better and they are better defined while Algorithm

2 tends to lose the continuity of some edges as we
display in Figure 7. In addition, Algorithm 1 with
FM method is the best configuration when we have
an image with lots of texture. This fact can be
seen in Figure 8.

Figure 8: Original image (left) and its binary thin
edge image (right) with Algorithm 1 with fuzzy
measures method.

One of the most important facts that can be
extracted from the comparison of the results is the
correlation of the best result obtained according
to each performance measure and the visual per-
ception of an observer. As it was already said, the
three performance measures do not agree in general
and they usually choose different methods as the
best configuration for the same image. Comparing
the best results obtained for the three measures, in
more than fifty percent of the images Baddeley’s
metric provides the worst of the best results. This
performance measure often gives better marks to
low thresholds generating edge images with few
edges. This fact can be observed in Figure 9 where
the best result according to each performance
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Figure 9: Original image (left) and the three best binary thin edge images according to FoM (2nd column),
Baddeley (3rd) and ρ (4th).

measure is showed and the most simplified edge
image is the corresponding one to the Baddeley’s
metric.

In order to check the goodness of the thresh-
olding methods applied in this work, we have
computed the best threshold for each image and
each performance measure. The computation has
been made in two ways. The first one, applying
NMS and then determining the best threshold for
each performance measure. The other one, for each
possible threshold, we applied THIN and after that,
we determined the best one for each performance
measure. The results obtained are showed in Table
2. The first row indicates the best values for Algo-
rithms 1 and 2. In the second row, we can see the
values corresponding to the computed best thresh-
old. Finally, in the second column % NMS-% THIN
means the balance of the percentage of best re-
sults obtained applying NMS or THIN, respectively.

Analysing Table 2, we can observe that the
thresholding methods employed do not find the
computed best threshold according to the perfor-
mance measures. Only three of the fifty images
give the same result using Algorithms 1 or 2 than
searching the best threshold. Another remarkable
fact is that the percentage of best results using
NMS increases drastically when we compute the
best threshold. Finally, although the performance
measure that is most improved in percentage is
Baddeley’s metric, the tendency that was observed
initially with Algorithms 1 and 2 (edge images
with few edges) increases exponentially searching
the best threshold. Just note in Figure 10 how the
police car of Figure 7 or the bag of Figure 9 have

almost disappeared.

Figure 10: Best edge images according to Badde-
ley’s metric searching the best threshold.

5. Conclusions

In this paper, we have tested several algorithms and
thresholding methods in order to obtain a binary
thin edge image, according to the Canny’s criteria,
from a fuzzy edge image. Considering the exper-
imental results we can say that, in general terms,
FoM and ρ-coefficient provide better results than
Baddeley’s metric. This performance measure gen-
erates edge images with few edges where important
details are lost. From this, we could say that in our
framework, the Baddeley’s metric is not suitable.
Moreover, several remarks can be made. Algorithm
2 with the Otsu’s method should be used in order
to obtain more regular results using FoM . In the
case of ρ-coefficient the experimental results lead us
to use Algorithm 1 with Ata23. In images with lots
of texture the best performance measure is achieved
using Algorithm 1 with FM. In these cases, the set
of images of best results are complementary. Af-
ter results analysis, we can conclude that the choice
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Table 2: Results obtained searching the best threshold

Algorithm Mean % NMS - % THIN % of improvement
F oM ∆ ρ F oM ∆ ρ F oM ∆ ρ

Best 1 and 2 0.4213 18.875 0.5764 24-76 18-81 44-56 - - -
Best threshold 0.4832 13.871 0.6271 32-68 64-36 54-46 14.691 26.514 8.7913

of one of the two performance measures as well as
the algorithm for edge detection is a personal is-
sue depending on the accuracy of the visual results
because the two algorithms present a higher perfor-
mance for a large number of tested images.
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