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Performance measurement without ground truth to achieve
optimal edge
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ABSTRACT
This paper presents an effort to develop performance measure-
ment of edge detector without ground truth. The motivation is to
drive edge detector to catch up with human vision that is capable
of always generating closed-loop edge. Two axioms of edge are
presented, i.e. the presentation of edge as a closed-loop line and
its characteristic as being thin. A set of features and approaches
are generated in this research in order to enable the measurement
of edge map. Experiment shows that current edge detector is still
difficult to catch up with human vision for recognising edge.
Experiment also proves that statistical approach based on object
size delivers the best performance measurement among other
approaches. And, the use of region of interest is proved useful
to optimise edge measurement.
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1. Introduction

Performance measurement of edge map has always been a hot topic to research due to
vital role of edge detector to simplify image data. Indeed, edge detection has widely
been recognised having similar role with edge perception in human vision. It has been
known that the way human recognises object from visual data is started by extracting
the edge of object (Papari and Petkov 2011). Unlike human visual system which has
capability to extract high accurate edges of even complicated objects in only millise-
conds (Oliva and Torralba 2006), currently it is still difficult for machine to obtain optimal
edge from natural objects in digital image. The term ‘optimal edge’ here refers to a
complete closed-loop edge surrounding the shape of object. This statement is consis-
tent with the definition of edge obtained from some well-known English dictionaries
such as Longman, MacMillan and Collins COBUILD. In these dictionaries, edge is defined
as a set of furthest points of an object from its centre. It means projecting edge point to
all directions would create a closed-loop line that represents object boundary. It is worth
to note that achieving closed-loop edge would greatly facilitate any further image
analysis processes.

The definition above is consistent with Koren and Yitzhaky (2006) that defines
edge as boundary between object and its background. This definition is also
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consistent with Verma et al. (2011) that states the existence of edge is marked with
discontinuities or significant variation in intensity or grey levels of image. Based on
the last two definitions, we argue that the definition of edge by Abdou and Pratt
(1979) stating that edge is a local change or discontinuity in image attributes, such
as luminance, intensity or texture, is not necessarily an edge. In this case, any local
change in intensity or other local attributes in an image is only the indication of the
presence of edge. There is a room of possibility that they do not represent the edge
of an object. Perhaps, there are other parts of image which are more closely related
to them such as noise or any inside content of the object. Therefore in this research,
the definition of edge by Koren and Yitzhaky is expanded to become ‘edge is the
boundary between adjacent objects or between an object and its background’.

Beside tremendous development of edge detection that has been achieved up
to now (Oskoei and Hu 2010, Papari and Petkov 2011), currently people and their
machine involve in tedious works to extract optimal edges for even simple natural
object. The works usually include enhancing the input image, selecting and
employing edge detection methods from dozens that have been proposed in this
field, up to generating ground truth for comparison in order to select the most
optimal edge from hundreds of possible results. The last task, i.e. ground truth
generation, undoubtedly requires prior knowledge to recognise the objects com-
posing digital image. It is worth to note that ground truth usually is supplied
through user intervention. Hence, obtaining automatic process in order to deliver
optimal edge becomes a challenging task to achieve. Automation shall be capable
of employing various methods which include their combination and derivatives. We
argue that it would not be possible for a single method of edge detection to derive
optimal edge of varied objects from natural image scene. It is due to varied
sensitivities of edge detector algorithms to recognise object boundaries. Hence,
intervention should be given without disturbing automatic process of edge detec-
tion. It means no prior knowledge or manual action such as comparison with
ground truth is allowed to interrupt the operation of edge detector.

Researchers have indeed been working to achieve optimal edge by employing
performance measurement as depicted in Figure 1. Some methods have been proposed
and few have still been used even today despite the raising question of their perfor-
mance (Abdou and Pratt 1979, Besuijen and Heyden 1989, Baddeley 1992, Hidalgo and
Massanet 2011). It is worth to note that current performance measurement still put
respect on the existence of open-loop edge (Gimenez et al. 2014). This practice certainly
violates the definition of optimal edge above. Therefore, this paper aims to extend
performance measurement in order to achieve the delivery of optimal edge as a closed-
loop boundary.

The rest of the paper is organised as follows. Section 2 delivers related works in the
field of performance evaluation of edge detector. Section 3 presents our approach to
reshape edge as a closed-loop line in order to represent the boundary of object. This
section is to facilitate the development of performance measurements without ground
truth that are presented in Section 4. Experiment, discussion and enhancement of the
presented method are given in Section 5. The works of this research are concluded in
Section 6.
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2. Related works

The introduction of Figure of Merit (FoM) by Abdou and Pratt (1979) became the
milestone of performance measurement for edge detection. The mechanism of FoM is
held by comparing an edge map derived from a detection process against a prior
defined ground truth in pixel basis given as follows:

FoM ¼ 1
max EM;GTf g

X
x2EM

1
1þ αd2 x;GTð Þ (1)

where EM is an edge map, GT is a ground truth, d is Euclidean distance, x is a set of pixel
value and α is predefined value that usually is set to 1/9. Usually, the ground truth is
developed by manual interpretation of object contour based on human perception, and
in some cases, it involves even human experts such as medical doctor for interpreting
medical images. Despite its dependency on ground truth, FoM has still been used even
today due to its simplicity. However, it is difficult to always generate ground truth for
random natural images. It is even impossible to incorporate this method to find the best
optimum edge maps from multiple random images in automatic manner since human
intervention is always required to generate ground truth. For comparison, human visual
system is capable for developing edges from different visual scene without ground
truth. Thus, the dependency on ground truth becomes the main drawback of this
method.

Moreover, researchers disclosed other flaws of FoM such as its possibility to produce
the same measurement results from different edge conditions (Besuijen and Heyden
1989, Baddeley 1992). An approach to overcome this problem was developed by

Input Image

Edge Map (1,1)

Enhancement 1

Edge Detection Method 1

Enhancement m

Edge Detection  Method n

Edge Map (m,n)

Best Edge Map

Performance 

Measurement

Figure 1. Performance measurement to deliver optimal edge.
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Besuijen and Heyden (1989) by proposing a mechanism to recognise a set of possible
errors such as displaced pixels, superfluous edge and clustering error. Other approach to
improve FoM was proposed by Baddeley (1992) that employed modified Hausdorff
metric in order to introduce Δ to measure distinct quality of two binary images given by

Δp
ω EM;GTð Þ ¼ 1

N

X
x2X

ω d x; EMð Þð Þ � ω d x;GTð Þð Þj jp
" #1=p

(2)

where N ¼ n Xð Þ as a total number of pixels in the raster X in which EM;GT � X, ω is a
concave continuous function and p is the order of mean difference. Later, Hidalgo and
Massanet (2011), however, empirically proved that FoM still outperformed Baddeley’s Δ
metric.

Ji and Haralick (1999) developed different approach to employ indirect perfor-
mance measurement by calculating the variance of convolution kernel rather than
directly evaluating the edge map. Although the performance of different convolution
kernels could be recognised by this approach, it did not represent real performance
of edge detector to extract edges particularly for random images. It would be
difficult to employ this metric to disclose the quality of edge map, i.e. whether the
edge map contained edges which appropriately represented or inappropriately vio-
lated image content.

Later, Yitzhaky and Peli (2003) utilised a statistical approach to build correspon-
dence between different edge maps that were produced by different treatments to
input image. The correspondence was employed to build estimated ground truth
based on dominant selection of edge pixels. This effort was noted as the first method
to directly evaluate the performance of edge map without ground truth. However,
this method was prone to error since different algorithm of edge detector has been
known having different sensitivity to recognise edge. If somehow there was condi-
tion where more edge detectors missed edge pixels due to blurry intensities or noisy
image, while in fact the pixel actually represented the boundary of object, this pixel
would not be considered as significant edge even though they represented the
actual object. Moreover, evaluation of edge map was established at pixel level.
Thus, it was not possible to recognise the structure of the edges, i.e. whether they
really represented the object shapes or just noise. The work was then continued by
Koren and Yitzhaky (2006) to improve the performance of Yitzhaky and Peli by
introducing saliency map based on spatial approach in order to develop estimated
ground truth. However, the result was indifferent to Yitzhaky and Peli since the
probability that edge pixel represented noise was actually very high. Moreover, the
results also showed the existence of many uncompleted edges that did not com-
pletely surrounding the objects of image. It was due to the missing of edge structure
analysis.

Recently, Gimenez et al. (2014) proposed a statistical complexity measure to evaluate
the quality of edge map in which complexity C is defined as a combination of equili-
brium index ε and entropy index H. For edge map EM, complexity is given by

C ¼ ε EMð ÞH EMð Þ (3)
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where equilibrium is obtained by ε EMð Þ ¼ 1= EMj jð ÞP EMj j
k¼1 QB EMkð Þ with EMj j which

is the cardinal number of the set of all pixels in EM, and QB EMkð Þ ¼

max
1 � j � n

bT
j EMk=bjEMk

� �
for a collection of N� N edge patterns obtained from

Bresenhaum data set represented by B ¼ b1;b2; . . . ;bnf g that are being slid over
the edge map EM centred in each edge pixel at position k, thus it operates on edge
sub-maps EMk . The use of edge patterns here is to replace ground truth in order to
conduct comparison with known edge structures. Meanwhile, entropy index is com-
puted as H EMð Þ ¼ 1�D EMð Þ with D EMð Þ ¼ max

x;yð Þ2R2
FEM x; yð Þ � F x; yð Þj j and

FEM x; yð Þ ¼ i; jð Þ 2 EMjϕ1 ið Þ � x:ϕ2 jð Þ � yf gj j= EMj jð Þ in which i; jð Þ 2 EM for N�M
image size and ϕ i; jð Þ ¼ ϕ1;ϕ2ð Þ ¼ 2i � 1=2Nð Þ; 2j � 1=2Mð Þð Þ. F x; yð Þ is the cumulative
distribution function of a uniform distributed bidimensional vector. Although it is
independent from ground truth, this method is prone to the missing of edge
patterns. Moreover, experiment shows the delivery of many insignificant edges in
term of short and open-loop edges due to entropy index. This method however is
noted as the first performance evaluation without ground truth that analyses the
structure of edges.

Ornelas et al. (2015) proposed fuzzy index for performance evaluation. They argued
that current methods of edge performance evaluation discard critical information con-
tained in pixel level since they normally operate in edge map which is known as a binary
image. The applicability of this method however is still questionable since it was tested
only on synthetic images. Moreover, this method still depends on ground truth just like
its predecessor.

3. Edge presentation

The goal of this section is to develop edge presentation as defined by Section 1. The
work consists of three stages, namely edge and non-edge indexing, open-loop edge
removal and edge thinning elaborated as follows.

3.1. Edge and non-edge indexing

Indexing edge and non-edge as two distinct components composing edge map is an
initial step towards edge map measurement. Here, edge refers to all pixels composing
edge map that are identified by edge detector as edge, while non-edge refers to all
other pixels that are not identified as edge. Let e1; . . . ; en become a set of edges PE
existed in an edge map EM, and let o1; . . . ;om become a set of non-edge that repre-
sents a set of objects PNE existed in the same edge map; hence, PE ¼ e1; . . . ; enf g,
PNE ¼ o1; . . . ;omf g, PE; PNE � EM, PE[PNE ¼ EM and PE\PNE ¼ ;. An edge ea �
PE is defined as a set of adjacent pixels in the domain of PE that contain index a with
1 � a � n. Similarly, a non-edge ob � PNE is defined as a set of adjacent pixels in the
domain of PNE that contain index b with 1 � b � m.
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3.2. Open-loop edge removal

Gestalt principle on closure (Desolneux et al. 2008) states that human tends to perceive
the edge of every object as a closed boundary. This statement is consistent with the
definition of edge given in Section 1 and become the motivation to treat edge as a
closed-loop boundary of object. Therefore, the presentation of edge must always be in
the form of a closed-loop line (Axiom 1). Based on this axiom, any open-loop line could
not be considered as edge since they violate the basic principle of edge as closed
boundary of object. Removing any open-loop edge contained in an edge map is
required to fulfil the definition of edge as stated in Section 1. Thus, any pixels compos-
ing open-loop line is converted to become object or non-edge component. Meanwhile,
the closed-loop line would be preserved as edge component as follows. Let CE and CNE
denote a set of closed-loop edge and a set of expanded non-edge components,
respectively, contained in an edge-map EM. Hence, CE; CNE � EM, CE[CNE ¼ EM
and CE\CNE ¼ ;. Any pixel pi 2 EM will be preserved as CE if it fulfils the equation
given by

CE ¼ pijpi 2 PE; Neij j>1;Nei � PNEf g (4)

where Nei denote a set of adjacent objects or non-edge components surrounding pi.
Therefore, Neij j is the magnitude of Nei or the number of objects composing the
neighbour of pi. Conversely, CNE is given by

CNE ¼ PNEþ pijpi 2 PE; Neij j � 1;Nei � PNEf g (5)

Equations 4 and 5 state that every edge pixel is preserved as edge if it is located
next to at least two neighbouring objects; otherwise, it is converted as a part of an
object. Running Equations 4 and 5 to an open-loop line that contains closed-loop
edge such as presented in Figure 2(a) produces a closed-loop edge that still carries
some open-loop lines such as presented in Figure 2(b). In this case, the algorithm of
open-loop edge removal considers the open-loop line as a closed-loop edge that has
more than a pixel width. Therefore, thinning algorithm is required to clean up the

Figure 2. Closed-loop edge contained in an open-loop line. (a) Presentation of edge before running
open-loop edge removal, (b) open-loop line presented from the result of open-loop edge removal is
considered as closed-loop edge having more than a pixel width and (c) desired presentation of
closed-loop edge from (a).
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edge in order to get a clean presentation of closed-loop line as presented in
Figure 2(c).

3.3. Edge thinning

Since edge always creates the boundary of object (referring to Axiom 1), thus in reality, it
becomes an imagery line separating an object to other object or to its background.
Therefore, the appearance of edge is always presented by a line that has minimum
width in which edge should have not more than a pixel wide (Axiom 2). This axiom
enables optimum localisation of object shape. Based on this axiom, any edge that has
more than a pixel wide must undergo shrinking mechanism to reduce its width but still
keeping its length. This way, any algorithm for thinning digital pattern such as Zhang
and Suen (1984) could not be employed since there are possibilities that the length of
edge would be reduced to a certain extent. Therefore, this axiom is achieved through
the computation given by

E ¼ pijpi 2 CE; Neij j>1;Nei � CNEf g (6)

NE ¼ CNEþ pijpi 2 CE; Neij j � 1;Nei � CNEf g (7)

where E and NE become a set of edge and a set of non-edge components, respectively,
contained in edge map EM, in which E;NE � EM, E[NE ¼ EM and E\NE ¼ ;.

4. Performance measurement

Mechanism to evaluate the performance of edge detector is conducted on edge map
EM that has undergone open-loop edge removal and thinning process as given by
Equations 4–7. The strategy is to compute the performance index based on the pre-
sentation of edges E � EM and the presentation of objects NE � EM by computing a set
of features as follows.

The first feature to compute is the length of edge that has previously been noticed by
some researchers as an important parameter to justify good edge quality (Koren and
Yitzhaky 2006, Gimenez et al. 2014). Computation to measure the length of an edge ea is
given by

ela ¼
X
pi2ea

1 (8)

for i ¼ 1; . . . ; n and ea � E:
Second feature to compute is the coverage of edge that is measured as follows. Let ca

become the centroid of edge ea as shown in Figure 3. For every pixel pi 2 ea, the
coverage of edge ecais computed by using Euclidean distance given by

eca ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
i¼1;...;m

ca � pið Þ2
s

(9)

Since it is desired to compute only the coverage of edge but not its length, it is
necessary to eliminate the effect of the number of pixels composing each edge. It is
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settled by picking only eight positions of pixel from each edge to be included in
Equation 9 such as depicted in Figure 3. The first four positions are defined as the far
left, bottom, far right and top direction relative to its centroid which are represented by
p2; p4; p6 and p8, respectively. Meanwhile, the last four positions are computed by
dividing edge into four quadrants based on the position of its centroid such as illu-
strated in Figure 3. The next step is to determine the positions of the pixel to represent
each quadrant by computing longest Euclidean distance with reference to its centroid.
In this case, they are represented by p1; p3; p5 and p7 for quadrant Q1, Q2, Q3 and Q4,
respectively. This strategy becomes a fair measurement for each edge being evaluated.

It is worth to note that computing the coverage of edge is important due to the
condition where any pixels composing image could become a part of edge that
potentially increase the length of edge; however, longer edge does not guarantee
that the edge has larger coverage such as shown in Figure 4. This phenomenon reveals

p1 p26 p25 p24 p23 p22 p21 p20 p19

p6 p7 p8 p9 p10 p11 p12 p13 p14

p2

p3

p4

p5

p18

p17

p16

p15

Object

Edge

p1 p30

p25p26

p23 p22 p21 p20 p19

p6 p7 p8 p9 p10 p11 p12 p13 p14

p2

p3

p4

p5

p18

p17

p16

p15

p24

p27

p28

p29

Object

Edge

Figure 4. Longer edge does not always contribute to larger coverage.
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Figure 3. Eight pixel positions for edge coverage measurement p1; . . . ; p8.
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the fact that the coverage of edge to some extent is independent to the length of edge.
Since no open-loop edge has been left remained due to Axioms 1 and 2 as described in
the previous section, any existence of edge indicates the existence of object because the
edge always become the boundaries of object. Hence, the coverage of edge contributes
to either the size or the number of objects existed in the image.

The third feature to compute is the size of object. Although it does not necessarily
correlate to the quality of edge detection, larger size of object tends to deliver more
meaningful content while small size of object mostly is produced from noise or mean-
ingless content. Computation to measure the size of an object osa is given by

osa ¼
X
pi2oa

1 (10)

for i ¼ 1; . . . ; n and oa � NE.
The last feature to compute is the coverage of object oc. Computation to derive this

parameter follows the mechanism to derive the coverage of edge as explained above.
After deriving a set of features from edge map, two different approaches are employed
for performance evaluation, i.e. statistical based and multi-criteria decision-making
(MCDM) as discussed in the following section.

4.1. Statistical-based evaluation

This approach assumes that every natural image contain varied objects in different sizes.
Therefore when the edges of those objects are optimally detected, the edge map most
probably carries varied edges and non-edge components. If this condition is statistically
measured based on the extracted feature described above, it would generate either high
or low deviation value. Here, the deviation of an edge map is computed by σ ¼
1=nð Þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
i¼1;...;n fi � μð Þ2

q
where f become an extracted feature obtained from the

edge map and μ is the mean of this feature. We argue that the sorted deviation value
either in ascending or descending reveals the best edge map from a set of edge maps
that are obtained by employing different combinations of edge detectors to an input
image. This approach compares the number of feature from the top edge map obtained
by ascending against the top edge map of descending in order to determine which
sorting mechanism is suitable to identify the best edge map. Here, edge map with larger
number of feature determines the sorting mechanism to be employed and thus the top
edge map of this sorting approach become the best edge map. Hence for a set of edge
map EM1; . . . ; EMm having deviation σ1; . . . ; σm, respectively, the best edge map is given
by max=min σ1; . . . ; σmð Þ.

4.2. Multi-criteria decision-making (MCDM)

This approach employs a weighted sum model to compute the performance index PI ¼Pn
i¼1 wifi where wi become the weight for ith-feature f . The definition of weight is to

recognise varied size of feature f extracted from an edge map, in which its variation
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could reach hundreds different sizes from each feature. Here, the weight assigned to
each size of feature f follows the famous series of Zeno dichotomy paradox as given by

X,
i¼1

1
2i

¼ 1
2
þ 1
4
þ 1
8
þ � � � ¼ 1

w1
þ 1
w2

þ 1
w3

þ � � � ¼ 1 (11)

where i becomes the index of feature size in descending order. The use of this series is
due to the assumption that edge detector algorithm could generate infinite number of
edges and objects, in which bigger size of edges and objects is worth more than the
smaller one.

Meanwhile, the presentation of objects in a set of non-edge components NE consists
of foreground and the background, where foreground represents the existence of the
objects. Since the performance index aims to measure only the existence of object, it is
important to exclude background from NE. To enable the identification of background
among the existing objects o1; . . . ;om � NE, the computation is given as follow. Let I
become a digital image that is composed by x � y pixels, and let F become a set of
constants representing the minimum and maximum coordinate of I, thus F ¼ 1; x; yf g.
Let G become a set of pi 2 ob that constructs the outside border of object ob for
1 � b � m, thus G � ob: A classification process is applied to "pi 2 ob as given in
Equation 12 that categorises every pixels composing object ob into three classes, i.e. α
for every pixel of ob that reside in the minimum or maximum coordinate of I, β for every
pixel constructing the outside border of object ob that do not belong to α and void for
every pixels located elsewhere.

pi ¼
α if pi 2 F
β if pi‚F; pi 2 G; 9Nepi 2 E
void if none above

8<
: (12)

Based on the result of Equation 12, background identification is given by

ob ¼ background if γ log α � log βð Þ or log β� γ log αj j � ζð Þ
object if γ log α< log βð Þ and log β� γ log αj j � ζð Þ

�
(13)

where γ and ζ are prior defined constants. Results for identifying background to some of
USC standard image using Equations 12 and 13 with γ ¼ 4 and ζ ¼ 0:2 are shown in
Figure 5.

5. Experiment and discussion

Experiment to test the performance of the proposed method has been conducted to
some USC standard images. It is important to note that not all images from this
dataset are employed. Only images with dominant object are used for the experi-
ment. The experiment aims to prove that the proposed method is capable of sorting
the edge maps from one with the richest edges to the poorest. Achieving successful
sorting is vital in this experiment since the decision for selecting the best edge map
from dozen alternatives is always within the scope of rich edges. Before conducting
the experiment, it is necessary to generate a set of edge maps as the input for
performance evaluation. Normally, it is settled by performing the combination of a
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set of preprocessing to a set of edge detector algorithm. Let pri become a function
of preprocessing for i ¼ 1; . . . ;m, and let edj become a function of edge detector for
j ¼ 1; . . . ; n, a set of edge map EM is produced by performing computation given by

Figure 5. Results for background identification to some USC standard images regardless of edge
detectors being employed. Figure parts (a,c,e) are input images. Figure parts (b,d,f) are the result of
background identification obtained from (a,c,e), respectively. Background is presented as grey region.
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EMi�j ¼ edj pri Ið Þð Þ (14)

Thus if there exist m number of preprocessing algorithm and n number of edge
detector, the combination would produce m� n number of edge maps. This experiment
uses two preprocessing algorithms, namely grayscale generation and Otsu thresholding,
and six edge detectors, namely Sobel, Prewitt, Roberts, Canny, LoG and Zerocross
obtained from MATLAB. Despite its trivial approach to generate a number of edge
maps, this approach however is less effective to support the proposed performance
evaluation due to the difficulties of any existing edge detector algorithm to generate
optimal edges without any adjustment to its mechanism. The term ‘adjustment’ here
refers to a set of preprocessing steps applied to input image which include the defini-
tion of threshold or other parameters required for the operation of edge detector, while
the term ‘optimal edge’ refers to a complete closed-loop edge surrounding the object
existed in digital image such as defined in the previous axioms. Employing Equation 14
to a set of USC standard test image would poorly produce optimal edges such as shown
in Figure 6.

Therefore, other strategy for edge map generation is desired. Rather than obtaining
edge maps directly from the combination of a set of preprocessing to a set of edge
detectors, other approach is to generate a set of edge maps from the combination of
other edge maps given by

EMr ¼ EMs þ EMt; s�t (15)

where EMs and EMt are generated by using Equation 14. Equation 15 produces more
number of optimal edges such as shown in Figure 7. Although this approach would
probably produce thick edges and violate the principle of non-maximal suppression, it is
still considered as a better choice compared to obtaining edge maps with poor optimal
edges. Moreover, any thick edges could easily be eliminated by using Axiom 2 as
described above. By employing Equations 14 and 15, 66 different edge maps are
obtained from each input image.

After generating a set of edge maps, the experiment is conducted by performing
open-loop edge removal and edge thinning as defined in Equations 4–7. It is then
continued with performance evaluation that generates sorted edge map from one with
richest edges to the poorest by using both statistical-based and MCDM approach. The
experiment produces 4 sorted edge maps from statistical-based approach based on
edge length (EL), edge coverage (EC), object size (OA) and object coverage (OC), and 11
sorted edge maps generated by MCDM approach based on EL, EC, OA, OC, the combi-
nation of EL and EC (EL + EC), EL + OA, EL + OC, EC + OA, EC + OA, OA + OC, and
EL + EC + OA + OC.

Validation to experimental results is held by comparing the result of sorted edge
maps from different approaches against the ranking of edge maps selected by human
observer. To simplify the comparison, only top 10 sorted edge maps from each approach
are used in the validation stage, thus N ¼ 10. In this experiment, a correlation test C for
purely indices data is developed to compare two sets of sorted edge maps as given by
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Figure 6. Result of Equation 11 to produce optimal edge. (a) Input, (b) edge detected by Equation 14
with Otsu threshold as preprocessing algorithm and Sobel edge detector, (c) closed-loop or optimal
edge derived from (b), (d) similar to (b) with Otsu threshold and Canny edge detector, (e) optimal edge
derived from (d), (f) similar to (b) with Grayscale and Canny and (g) optimal edge from (f).
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C ¼
XN
i¼1

xi
N

(16)

where xi is generated by

xi ¼
1

i�jj jþ1 for di ¼ rj
0 for di�rj

�
(17)

Here, R ¼ r1; . . . ; rNf g is the indices of sorted edge maps that become the reference for
correlation test (in this case, it is the one selected by human observer) andD ¼ d1; . . . ; dNf g
is the indices of sorted edge maps obtained from each approach. Equations 16 and 17 are
required due to the fact that the data to be compared (i.e. R and D) are purely indices that
are originally generated by using Equations 14 and 15. These data could not be considered
as categorical since the index is assigned iteratively in a looping process. In this case, each
index is merely to label each edge map as the product of a unique process that does not
represent any category or grouping of data. Moreover, negative correlation showing
reversed connection between 2 datasets such as produced by many rank correlation
coefficients is avoided in this experiment since the datasets are tested partially, i.e. involving
only top 10 indices out of 66. Therefore, it is not possible to compute their correlation using

Figure 7. Various optimal edges obtained by using Equation 15 for the input as shown in
Figure 6(a).
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the existing rank correlation coefficients such as Pearson, Kendall or Spearman. Forcing to
compute the correlation of experimental results using the existing methods would lead to
misjudgement of index ranking since these methods treat each index as a numerical value.
Detailed discussion of this issue however is beyond the scope of this paper and would be
presented in a separate article.

Results of correlation test based on Equations 16 and 17 are presented in Figure 8,
with its detail scores that are given in Table 1. This figure shows lower quartile, median,
upper quartile and the outlier of correlation scores obtained by each approach. Based on
Figure 8, five highest correlation scores with reference to human observer are obtained
by four statistical approaches based on OA, EL, OC and EC, and an MCDM approach
based on EL + EC.

At this point, however, it is still uncertain which approach among the top best five
delivers the best performance since their presentation in Figure 8 is seemed indifferent
in term of lower quartile, median and upper quartile. Therefore, it is necessary to
conduct a statistical test on the mean average of correlation score. Hypothesis for
statistical test is developed by drawing graphical presentation of sorted correlation
score (y axis) for all images (x axis) used in the experiment from top best five approaches
as depicted in Figure 9. This figure seems to show that statistical approach based on OA
outperforms other approaches. Hence, a one-tail Student’s t distribution test with 95%
confident level is then employed to validate this statement with the assumption that
data in Table 1 are distributed normally. A set of hypothesis is then developed for this
test as shown in the first and second column of Table 2 for H0 and H1, respectively. The
result is shown in the third and forth column of Table 2.

Result of statistical test in Table 2 shows that correlation score of statistical approach
based on OA is significantly higher than all other approaches. Meanwhile, correlation
score of MCDM approach based on EL + EC is considered similar to statistical approach
based on EL (p value = 0.335741), and these two approaches are significantly higher

Figure 8. Result of correlation test from the presented approaches.
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than statistical approach based on both OC and EC. Finally statistical approach based on
OC is considered indifferent to statistical approach based on EC (p value = 0.364214).

Correlation and statistical test above prove that statistical approach based on OA
delivers higher performance among other methods. The correlation score depicted in
Figure 8 shows that in the average, the presented approaches achieve low correlation to
human observer as shown by low median value (C<0:4) from 0 to 1 range of correlation
score. Localising low correlation score (C<0:4) obtained by statistical approach based on
OA as previously presented in Table 1 from high correlation score (C � 0:4), such as
shown in Table 3, reveals the following phenomenon. There is significant number of
images suffering from fail detection of main objects in both categories, i.e. 15.79% (3/19)
and 18.18% (2/11) from low and high correlation, respectively.

However, focus of the analysis here is on large number of images in low correla-
tion category which suffer from disagreement between human observers against the
presented algorithm to perceive the structure of edge, i.e. as much as 78.95% (15/
19). It is caused by high complexity of image scenes that contain multiple objects or
an object with multiple components in similar sizes such as shown in Figure 10.
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

PI(EL,EC)

DEV OA

DEV EL

DEV OC
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Figure 9. Sorted correlation score of five top best approaches.

Table 2. Hypothesis and result of Student’s t distribution test on correlation score.
H0 H1 p Value Result

μ Cσ OAð Þ
� � � μ CPI EL;ECð Þ

� �
μ Cσ OAð Þ
� �

> μ CPI EL;ECð Þ
� �

0.000118 1

μ Cσ OAð Þ
� � � μ Cσ ELð Þ

� �
μ Cσ OAð Þ
� �

> μ Cσ ELð Þ
� �

0.000482 1

μ Cσ OAð Þ
� � � μ Cσ OCð Þ

� �
μ Cσ OAð Þ
� �

> μ Cσ OCð Þ
� �

0.000027 1

μ Cσ OAð Þ
� � � μ Cσ ECð Þ

� �
μ Cσ OAð Þ
� �

> μ Cσ ECð Þ
� �

0.000087 1

μ CPI EL;ECð Þ
� � � μ Cσ ELð Þ

� �
μ CPI EL;ECð Þ
� �

> μ Cσ ELð Þ
� �

0.335741 0

μ CPI EL;ECð Þ
� � � μ Cσ OCð Þ

� �
μ CPI EL;ECð Þ
� �

> μ Cσ OCð Þ
� �

0.000191 1

μ CPI EL;ECð Þ
� � � μ Cσ ECð Þ

� �
μ CPI EL;ECð Þ
� �

> μ Cs ECð Þ
� �

0.000837 1

μ Cσ ELð Þ
� � � μ Cσ OCð Þ

� �
μ Cσ ELð Þ
� �

> μ Cσ OCð Þ
� �

0.000003 1

μ Cσ ELð Þ
� � � μ Cσ ECð Þ

� �
μ Cσ ELð Þ
� �

> μ Cσ ECð Þ
� �

0.000095 1

μ Cσ OCð Þ
� � � μ Cσ ECð Þ

� �
μ Cσ OCð Þ
� �

> μ Cσ ECð Þ
� �

0.364214 0
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Table 3. Classifying correlation score.

Correlation score Fail to retrieve main object

Retrieval successa

Disagree Agree

C < 0:4 3 15 1
C � 0:4 2 1 8

aDisagree and agree is measured by the agreement between human observer and the presented algorithms to select
best edge map.

a b 

c d 

e f 

Figure 10. Difference results of first-rank edge map selected by human versus machine. Figure parts
(a,d,g,j,m) are input images, (b,e,h,k,n) are edge map selected by human observer and (c,f,i,l,o) are
selected by OA-based statistical approach.
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Figure 10. Continued.
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Varied edge structures are produced by different combination of edge detectors
from this type of images. Moreover, the images as shown in Figure 10 contain
objects that do not dominate the scene due to small object size relative to the
size of other objects and its background. Hence, the evaluations of edge map by
human and machine are conducted differently based on their nature of data proces-
sing. In this case, the machine computes every detail numerical values from all edges
in order to measure their performance, while in reality, human visual system is
capable of focusing on only an object for every single sight. Therefore, human
tends to simplify edges and focuses on the main objects.

Different condition is found when image complexity is lower, i.e. edge detectors
successfully deliver complete closed-loop edge from the main object that hold
dominant size compared to other object such as shown in Figure 11. In this case,
both human and machine agree to select the same edge map at the top. Thus, it is
important to reduce scene complexity by defining region of interest (ROI) in order to
imitate human vision. Manual assignment of ROI to some image data with high scene

m n 

o 

Figure 10. Continued.
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complexity such as shown in Figure 12 greatly improves the correlation value as
shown in Figure 13. In this measurement from 14 image data with high complexity,
ROI is capable of improving both mean and median of correlation value from 0.1633
and 0.1833, respectively, to become 0.5578 and 0.61, respectively.

a b 

c d 

e f 

Figure 11. The same result of best edge map selection by human and machine for image with lower
scene complexity. Figure parts (a,c,e,g,i) are input images and (b,d,f,h,j,) are best edge map selected
by both human observer and OA-based statistical approach.
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Figure 11. Continued.

Figure 12. ROI assignment (in white box).
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6. Conclusion

The existing algorithms of edge detector still suffer from incomplete edge detection from
varied objects contained in natural image scenes. It is different to human vision that is
capable of always recognising closed-loop edges from even complicated and noisy scenes.
Although human and machine employs similar approach to measure the changes of
intensity, colour or other local parameters as the indication of edge, human develops
more sophisticated intelligence to build complete closed-loop edges from the perception
of object in a scene. In this case, lack of intelligence in machine often violates the presence
of edge. For instance, the exaggeration of inner attributes of an object such as its texture
or ridges by lighting would most probably create stronger changes of intensity than the
boundary of object. Due to this condition, the research employs a removal approach to
eliminate open-loop edges in order to obtain the best edge detector. The approach forces
edge detector that is incapable of delivering closed-loop edges to loss the presence of
object. It is similar to human vision suffering from short sighted but is forced to view
distance object. Hence, the performance is measured based on the knowledge of edge
detector to retrieve the presence of object. Experimental result shows that statistical
approach based on the size of object becomes the best approach compared to other
presented algorithms. The experiment also proves useful application of ROI to simplify the
complexity of image scene in order to optimise performance measurement.
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