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Abstract

The basic and widely used edge detection operation in an image usually requires a prior step of setting the edge detector parameters
(thresholds, blurring extent etc.). Finding the best detector parameters automatically in real-world images is a difficult challenge because
no absolute ground truth exists. However, the advantage of automatic processing over manual operations done by humans motivates the
development of automatic detector parameter selection. In this work, we propose an automatic detector parameter selection which con-
siders both, statistical correspondence of detection results produced from different detector parameters, and spatial correspondence
between detected edge points, represented as saliency values. The method improves a recently developed technique that employs only
statistical correspondence of detection results and depends on the initial parameter range by incorporating saliency values in the statis-
tical analysis. Automatic edge detection results show considerable improvement of the purely statistical method when a wrong initial
parameter range is selected.
� 2006 Elsevier Inc. All rights reserved.
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1. Introduction

An edge is the boundary between an object and its back-
ground (the outline of the object). Edge detection must be
efficient and reliable because the validity, efficiency, and
possibility of the completion of subsequent processing stag-
es (in computer vision for example) rely on it. This means
that if the edges in an image can be identified accurately,
objects in the image can be located and basic properties
such as area, perimeter, and shape can be measured. A fun-
damental difficulty in edge detection processes is the possi-
ble extraction of spurious edges that arise from noise and
minor intensity changes which are often non-meaningful
and disturbing, and may subsequent processing stages
degrade computational performance. Thus, a proper selec-
tion of the edges may be very important.
1077-3142/$ - see front matter � 2006 Elsevier Inc. All rights reserved.
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A basic edge detection process usually involves the fol-
lowing stages: (i) Smoothing—required for noise reduction
and regularization of the numerical differentiation. It
depends on the regularization parameter (scale) which
determines the compromise between noise elimination
and image structure preservation. (ii) Differentiation—an
operation that evaluates the intensity variations in the
image. (iii) Labeling—the final decision stage that marks
the identified edges. This stage usually involves a threshold

parameter that separates true from false edges. This com-
mon detection process is based on evaluation of the
strength of intensity transitions in the image. Another
(complementary) approach to edge detection is based on
evaluation of spatial properties of the image features
[1,2]. This approach (denoted saliency) states that points
are more likely to be meaningful edges if they belong to
longer, smoother, and continues curves. Lindenbaum and
Berengolts [3] developed a saliency estimation mechanism
which is based on probabilistically specified grouping cues
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and on length estimation. This mechanism produces a
saliency map, in which higher values specify locations of
pixels that belong to longer and smoother curves. Final
edge detection was obtained by thresholding the saliency
map using a previously selected threshold parameter.

The outcome of an edge detection process varies greatly
with the choice of the detector parameters. Therefore, a
prior step of parameter selection is necessary. Selection of
the detector parameters is often done manually by a trial-
and-error process. However, such a process is frequently
non-efficient and tedious. Therefore, automatic techniques
have been developed to select parameters of edge detectors
[4,5]. These methods have been concentrated on common
specific parameters such as the smoothing scale [4] and
the threshold [5]. However, other parameters may also be
employed in edge detection. For example, a vision model-
based edge detector developed recently uses an invariable
threshold (an average contrast threshold of the visual sys-
tem), but employs several band pass filters that may be
regarded as parameters [6].

An automatic statistical parameter selection method
recently developed uses detection results produced by differ-
ent detector parameters to produce the best parameter set
according to the correspondence between the different detec-
tion results [7]. The method is not confined to select specific
parameters, and any parameter that affects the detection
result may be statistically evaluated by it. The main draw-
back of this statistical method is its dependency on the initial
range of the parameters that should extend from forming
very noisy detections to forming very sparse ones. This
requirement may cause an undesired initial subjective inter-
vene which makes the method practically not automatic.

In this paper, we propose an improvement of this statis-
tical method by employing a saliency map [3] to incorpo-
rate spatial local organization considerations to the purely
statistical correspondence considerations. In this way, a
wrong choice of initial parameter range (forming for exam-
ple, only noisy possible detections) is discovered, and the
parameter range is corrected accordingly until a proper
range is obtained. The proposed modification will make
the method to be not fully statistical, but fully automatic.

The rest of the paper is organized as follows: Section 2
describes the spatial saliency map construction concepts.
Section 3 summarizes the automatic purely statistical
parameter selection technique. Section 4 presents the pro-
posed automatic parameter selection method that com-
bines spatial and statistical considerations. Results are
presented in Section 5, and conclusions in Section 6.

2. Saliency map formation

In this section, a method for calculation of spatially sali-
ent structures in an image is summarized [3]. This method
is based on spatial saliency measure principles proposed
previously [1].

Suppose a feature point xi that may or may not belong
to some curve in the image which extends {‘+,‘�} to both
sides of the point, denoted positive and negative exten-
sions, respectively. These lengths are considered as random
variables associated with the feature point xi, and are char-
acterized by the distributions Di

þð‘Þ and Di
�ð‘Þ. The

assumption is that points with long extensions ‘are related
to larger objects and deliver more significant information
about the content of the image.

Initially, when connectivity information is not available,
the distributions are concentrated on very short lengths,
corresponding to the length of the feature points them-
selves. For simplicity these initial distributions denoted
by D*(‘) are considered identical.

Assume a curve with a feature point xj lies on the posi-
tive extension of another feature point xi at a distance ‘ij. If
Dj
þð‘Þ is known, then Di

þð‘Þ can be written as

Di
þð‘Þ ¼ Dj

þð‘� ‘ijÞ. ð1Þ

Let c(xj) denote the curve on which xj lies and let Pij be the
probability that xi lies on the same curve: Pij = Prob
{xi 2 c(xj)}. This probability denoted as probabilistic

grouping cue specifies the affinity value between the two fea-
ture points xi andxj, and can be computed through [3]

P ij ¼ exp�fkxijk2
=50g

� expf� tanðGradAngleDiff =2Þg; ð2Þ

where GradAngleDiff is the difference between the two gra-
dient angles of the two points. The cue is computed for
every feature point and its neighbors located in the area
determined by a fixed radius. Feature points are oriented
using the gradient direction.

Consider a path C = {x1, x2, x3. . ., xN} starting at a fea-
ture point x1 such that xi+1 is on the positive extension of
xi. Every cue value Pij may be regarded as a characteristic
of a binary random variable determining whether xi and xj

are connected. The length of the connected path depends
on the outcome of all binary random variables resulting from
the pairs xi, xi+1 and is considered as a random variable itself.
A particular path is hypothesized, in which the feature point
xj lies on the positive (or negative) extension of the feature xi.
If the length distribution Dj

þð‘Þ is known then the expected
value of the length distribution Di

þð‘Þ is:

D̂j!i
þ ð‘Þ ¼ P ijDj

þð‘� ‘ijÞ þ ð1� P ijÞD�ð‘Þ. ð3Þ

The length distribution of the path C = {x1, x2, x3 . . ., xN},
associated with its first feature point x1, may be recursively
calculated: DN

þð‘Þ ¼ D�ð‘Þ; D̂N�1
þ ð‘Þ ¼ D̂N!N�1

þ ð‘Þ . . ., until
D̂1
þð‘Þ is finally estimated.
To expedite the process, instead of updating a length

distribution for every feature point, only the expected

length is updated, producing directly an expected length
saliency:

E½‘�iþ ¼ E½‘�j!i
þ ¼ P ijð‘ij þ E½‘�jþÞ þ ð1� P ijÞE�½‘�; ð4Þ

where E½‘�iþ and E*[‘] are the expected lengths associated
with the distributions Di

þð‘Þ and D*[‘], respectively. For
every detected feature point, the aim of the optimization
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process is to find a path starting at this point and maximiz-
ing the saliency of that point. This path is found iteratively.
At each iteration, for every feature point xi, the expected
lengths E½‘�iþ are calculated for all possible neighbors xj

according to Eq. (4). At the first iteration E½‘�jþ ¼ 0.
Every feature point is associated with two one-sided

saliencies (positive and negative), corresponding to the
two directions. Maximizing the expected length in the
two directions is done independently for the two sides.
Then the sum of these one-sided saliencies at a point is
the expected length of the curve on which the point lies.
3. A statistical approach for edge detector parameters

selection

This section summarizes a method for edge detector
parameters selection based on statistical correspondence
across a group of detection results produces by different
sets of parameters [7].

Starting with an initial range of detector parameters, N

sets of parameter combinations are used to construct N dif-
ferent detection results Dj(j = 1,. . .,N). A pixel location
identified as an edge by all N detector setups will have
the highest correspondence (N), and a location identified
as an edge by only one detector setup will have the lowest.
A correspondence level i indicates pixel locations identified
as edges by i detections. Points with higher correspondence
belong to more distinct luminance edges and considered to
be more related to boundaries of main objects in the image
rather than noise or minor features that may appear dis-
turbing to the viewer.

Thus, given the N detection results, the following steps
are carried out:

1. Using N possible correspondence levels, N correspon-
dence maps are constructed denoted as Potential Ground
Truths (PGTs). Each PGTi includes edge pixels with i or
higher correspondence (where i ranges from 1 to N).

2. Each PGTi is then matched to each detection Dj forming
probabilities: TPPGTi ;Dj , FPPGTi ;Dj , TNPGTi ;Dj and
FNPGTi;Dj according to Table 1(a).
Table 1
Definition of the outcome probabilities according to statistical decision theo
parameter set selection process [7]

Statistical term Probability definition Probability description

(a) Definition of probabilities for the GT estimation process

True positive PðEPGTi=EDj Þ Points decided as ‘edges
False positive PðEPGTi=NEDj Þ Points decided as ‘edges
True negative PðNEPGTi=NEDj Þ Points decided as ‘non-e
False negative PðNEPGTi=EDj Þ Points decided as ‘non-e

(b)Definition of probabilities for the best parameter set selection process

True positive PðEDj=EEGTÞ Edge points in Dj, whic
False positive PðEDj=NEEGTÞ Edge points in Dj, whic
True negative PðNEDj=NEEGTÞ Non-edge points in Dj,
False negative PðNEDj=EEGTÞ Non-edge points in Dj,
3. For each PGT, probabilities are averaged over all detec-
tions producing: TPPGTi ;FPPGTi ;TNPGTi and FNPGTi .
These probabilities are used to evaluate the overall cor-
respondence between PGTi and the entire detection
results fDjgN

j¼1. High correspondence is indicated by
high TP and TN values, and low FP and FN values. A
statistical measure of the correspondence is the chi-
square [8]:

v2
PGTi
¼
ðTPRPGTi � QPGTi

Þ
ð1� QPGTi

Þ �
ðQPGTi

� FPRPGTiÞ
QPGTi

; ð5Þ

where QPGTi
¼TPPGTiþFPPGTi , TPRPGTi¼

TPPGTi
P

, FPRPGTi¼
FPPGTi

1�P
, and P¼TPPGTiþFNPGTi ;8i. A higher v2

PGTi
indi-

cates a better overall correspondence between PGTi

and fDjgN
j¼1. The PGT that gives the best overall corre-

spondence to all the detections is denoted as Estimated
Ground Truth (EGT).An alternative correspondence
measure can be carried out by an ROC analysis [8,9].
However, this measure is computationally heavier, while
its performances are eventually similar to those of the
chi-square [7].

4. The EGT is then matched to each of the detections pro-
ducing new probabilities: TPDjEGT, FPDjEGT, TNDjEGT

and FNDjEGT according to Table 1(b).
5. Theses probabilities are used to evaluate the overall cor-

respondence between the detection Dj and the EGT at
the same way described in step 3. The best detection is
the one that gives the best match to the EGT, according
to the chi-square test. The selected detector parameters
are those that produce this best detection.
4. Combined spatial–statistical based parameter selection

Incorporation of the spatial edge evaluation consider-
ations expressed by the saliency map, with the statistical
considerations expressed by the correspondence across
detections (as defined in Table 1(a)), is performed by
weighting each probability of each pixel location according
to the saliency value of that point, producing the following
saliency-weighted probabilities:
ry terminology: (a) in the GT estimation process, and (b) for the best

Notation

’ in the PGTi, and coincide with edges in Dj TPPGTi ;Dj

’ in the PGTi, but coincide with non-edges in Dj FPPGTi ;Dj

dges’ in the PGTi, and coincide with non-edges in Dj TNPGTi ;Dj

dges’ in the PGTi, and coincide with non-edges in Dj FNPGTi ;Dj

h coincide with ‘edge’ points in the EGT TPDjEGT

h do not coincide with ‘edge’ points in the EGT FPDjEGT

which coincide with the ‘non-edge’ points in the EGT TNDjEGT

which coincide with the ‘edge’ points in the EGT FNDjEGT
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TPPGTi ¼
1

N

XN

j¼1

TPPGTiDj

¼ 1

N

XN

j¼1

1

SumSaliency

XK

k¼1

XL

l¼1

Saliencyk;l PGTi1 \Dj1

� � !
;

ð6Þ

FPPGTi ¼
1

N

XN

j¼1

FPPGTiDj

¼ 1

N

XN

j¼1

1

SumSaliency

XK

k¼1

XL

l¼1

ð1�Saliencyk;lÞðPGTi1 \Dj0
Þ

 !
;

ð7Þ

TNPGTi ¼
1

N

XN

j¼1

TNPGTiDj

¼ 1

N

XN

j¼1

1

SumSaliency

XK

k¼1

XL

l¼1

Saliencyk;l PGTi0 \Dj0

� � !
; ð8Þ

FNPGTi ¼
1

N

XN

j¼1

FNPGTiDj

¼ 1

N

XN

j¼1

1

SumSaliency

XK

k¼1

XL

l¼1

ð1�Saliencyk;lÞ PGTi0 \Dj1

� � !
;

ð9Þ

where K and L are the image dimensions, PGTi1 PGTi0 are
the pixels in the PGTi decided as ‘edges’ (denoted ‘‘1’’) and
‘non-edges’ (denoted ‘‘0’’), respectively, and Dj1

and Dj0

are, respectively, pixels detected as edges and non-edges
in the detection j. Saliencyk,‘ is the saliency value of pixel
(k, l) which is proportional to the probability that the pixel
belongs to a longer and smoother curve. SumSaliency is the
sum of all the pixels’ saliency values. These probabilities
are used to produce the EGT (step 3 of the algorithm out-
lined in Section 3).

The inclusion of spatial saliency in the calculation of the
probabilities means that the chosen EGT should also
match the saliency map values, in addition to the statistical
correspondence. In Eqs. (6)–(9) TP and TN are multiplied
by the saliency values, while FP and FN are multiplied by
(1 � Saliency). This way, when all the detections are too
noisy with regard to the saliency map, the least noisy
PGT will be preferred, while when all the detections are
too sparse with regard to the saliency map, the noisiest
PGT will be preferred. In this case, if for instance, the best
PGT (that produces the highest chi-square) is the one with
the highest activity (the highest number of edge pixels), it is
suspected that there might be a hypothetical PGT (not
within the range) with even higher activity, that would give
a better match in terms of both statistical and spatial orga-
nization considerations.

A chi-square bar-graph can be constructed in a form in
which each bar represents a single parameter set, and its
height is the chi-square value. The chi-square bar-graph
can be ordered in a way that bins approaching to its right
side represent noisier PGTs (lower correspondence maps)
which are most similar to noisier edge detections formed
by noise-endorsing detector parameters (lower detector
thresholds and lower smoothing parameters). In this case,
if the maximum of the bar-graph appears at its right or
left sides, it is concluded that the chosen initial set of
detector parameters forms edge detections which are all
too noisy or too sparse, and therefore should be modified.
The range of the parameter sets can be automatically
tuned (with several iterations) until the best parameters
produce a maximum at the center of the horizontal axis
of the chi-square’s ordered bar-graph. An example for this
procedure is shown in the Section 5.

Based on Table 1(b), the saliency-weighted probabilities
in the parameter selection stage (step 4 of the algorithm
outlined in Section 3) are:

TPDjEGT ¼
1

K � L
XK

k¼1

XL

l¼1

Dj1
\ EGT1; ð10Þ

FPDjEGT ¼
1

K � L
XK

k¼1

XL

l¼1

Dj1
\ EGT0; ð11Þ

TNDjEGT ¼
1

K � L
XK

k¼1

XL

l¼1

Dj0
\ EGT0; ð12Þ

FNDjEGT ¼
1

K � L
XK

k¼1

XL

l¼1

Dj0
\ EGT1. ð13Þ

These probabilities are used to select the best detector
parameters (step 5 of the algorithm outlined in Section
3). This step does not include saliency weightings as
in Eqs. (6)–(9) because the best detection is the best
match to the EGT which already includes saliency
considerations.

5. Results

The original images (taken from Ref. 10) used to dem-
onstrate the proposed method, are shown in Fig. 1. These
images were also used in a previous work that presented
the purely statistical technique [7]. However, results shown
here are typical for other images as well. Although the
images presented here are with reduced size (lower resolu-
tion) a reasonable impression of their appearance can be
seen here. Fig. 2 shows a sample of edge detection results
(using the Canny edge detector) produced by an initial
set of 16 parameters (standard deviation (sigma) of
smoothing-Gaussian range is 0.3:0.9 in steps of 0.2, high
threshold range is 0.04:0.10 in steps of 0.02, and low
thresholds are 0.4 times the high thresholds). It can be seen
that al the resulting detections are too noisy. This means
that the initial range of parameters is not as wide as
required in the statistical parameter selection technique
[7], and their values are too low. In this case, the best detec-
tion that can be selected from this initial set will essentially
be too noisy, as can be seen in Fig. 3. Fig. 3A shows the
chi-square measure for the match results between the differ-
ent detections and the EGT (step 5 of the algorithm in Sec-
tion 3). The maximum is obtained for the parameter set
(0.5, 0.08) which is around the center of the parameter



Fig. 1. Original images [10] used for demonstrations. (A) Elephant, (B) grater, and (C) airplane.

Fig. 2. A sample of edge detection results using the Canny detector, produced by an initial set of parameters (sigma of smoothing-Gaussian range is
0.3:0.9, high threshold range is 0.04:0.10 and low threshold is 0.4 times the high threshold). (A–D) Present results from the most noisier to the quieter,
respectively.
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range. The bars in this graph are ordered from the param-
eter set at the leftmost side that gives the noisier detection
among the selected sets (the lower thresholds and the small-
er smoothing parameter size) to the set at the rightmost
side that gives the quieter detection (the higher thresholds
and the bigger smoothing parameter size). The resulting
detection produced by the selected parameters shown in
Fig. 3B appears to be too noisy as expected (the whole
set of detections produced with the selected sets were very
noisy). Because of the tendency of the purely statistical
method to find the maximum at the center of the range,
the least noisy one (among the noisy detections) was not
obtained. The saliency map constructed according to the
spatial structure in the image [3] is shown in Fig. 4. A high-
er gray level at a certain location in this map indicates a
higher saliency value of the pixel at that location. Imple-
mentation of the proposed combined spatial-statistical
technique for this case is presented in Fig. 5. Biased by
the saliency weighting values, the chi-square measure
(Fig. 5A) preferred the least noisy detection represented
by the rightmost bar (with the highest thresholds). As
opposed to the result in Fig. 3A, here is a clear indication
that the all the sets of parameters initially selected for eval-
uation produce very noisy detections. Fig 5B presents the
detection using the selected parameters (which is the least
noisy detection among all the very noisy detections pro-
duced by the initial sets of parameters). Fig. 5C shows
results for a modified initial range of detector parameter
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Fig. 3. Results of the purely statistical technique [7]. (A) The chi-square measure for the match results between the different detections and the EGT shows
a maximum for the parameters (0.5, 0.08). (B) The resulting detection generated by the selected parameters is too noisy because of the initial range of
parameters was not wide enough producing only noisy detections.

Fig. 4. The spatial-based gray-level saliency map.

R. Koren, Y. Yitzhaky / Computer Vision and Image Understanding 102 (2006) 204–213 209
sets which produce significantly less noisy detections
(increased detector thresholds). The chi-square measure
selected parameters at the right side of the graph, produc-
ing the detection result shown in Fig. 5D. Tuning again the
range of detector parameter sets (decreasing moderately
the thresholds) produced a selected parameter set located
at the central area of the range, as shown in Fig. 5E. The
final detection result using this set is shown in Fig. 5F.
An iterative procedure may tune the range of the initial
parameter sets until the combined spatial-statistical tech-
nique selects a parameter set from the central area of the
initial range, which indicates that the parameter range is
properly selected.

Figs. 6 and 7 present two additional examples of the
proposed method, using the ‘‘Airplane’’ and the ‘‘Grater’’
images (shown in Fig. 1). These examples further demon-
strate the reaction of the method when ‘‘wrong’’ sets of
detector parameters are used to produce the edge
detections (from which the best set is selected). Figs. 6A
and 7A show that when the sets of parameters used for
evaluation produce very noisy detections, the chi-square
measure selects the least noisy set (at the right side of
the graph), suggesting a need to evaluate different values
of parameters (which form less noisy detections). The
detections produced by these selected sets are shown in
Figs. 6B and 7B, respectively. Similarly, Figs. 6C and
7C show results when the sets of parameters used for
evaluation produce very sparse detections. The chi-square
measure in these cases selects the relatively noisy sets. The
detections produced by these selected sets appear in Figs.
6D and 7D, respectively. Figs. 6E and 7E show cases
where the selected sets are at about the middle of the
range, as required for a reliable parameter selection using
the spatial–statistical measures. The detections produced
by these final selected parameters are shown in Figs. 6F
and 7F.

The computation load in terms of multiples of the basic
edge detection time (which is Canny in our example but can
be any other parametric detector) is about 3*I*N* where I is
the number of iterations (usually few) performed until the
best parameter set is obtained (as explained in the third
paragraph of Section 4). The multiplication by 3 stands
for the statistical evaluation of the parameter sets
(described in Section 3). This computation load is relatively
high, however, it should be pointed that for any certain
type of images, this whole process should be performed
only once, and then the selected parameters can be used
with the basic detector for the rest of the images.

As the final outcome here is edge detection, a compari-
son is presented in Fig. 8 with two other methods [11,12].
Results in this figure can be compared to results of the pro-
posed method shown in Figs. 5F, 6F, and 7F. Figs. 8A–C
show detection results obtained using a method of Black
et al. [11] which performs an edge detection using robust
anisotropic diffusion. It can be seen that this method does
not necessarily produce a single-pixel contours. This may
be not disturbing to the viewer but it may be considered
as a drawback in computer vision applications. Figs. 8D–
F show detection results obtained using a method of Meer
et al. [12] which performs a Canny-based edge detection
with embedded confidence. It can be seen that noisier
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Fig. 5. Results of the combined spatial-statistical technique. (A) The chi-square measure for the match results between the different detections and the
EGT shows a maximum for the parameters (0.9, 0.1) which is rightmost bar, indicating the highest thresholds and smoothing parameter size within the
initial parameter range. (B) The resulting detection generated by these selected parameters is the least noisy among all the detections produced by the initial
sets of parameters. (C) Examination of tuned sets of parameters (which produce less noisy detections). The chi-square measure shows a maximum for the
parameters (0.5, 0.40) which is at the left side of the tuned parameter range indicating low thresholds and smoothing parameter size relative to the tuned
range. (D) The resulting detection generated by these parameters. (E) The chi-square measure shows a maximum for the parameters (0.5, 0.24) which is at
about the center of the tuned again parameter range. (F) The resulting detection generated by these parameters.
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detections have been obtained with this method. In the
sense of edge detection appearance, it should be clarified
that the detection appearance in the proposed method
depends on the basic detector used (which can be any para-
metric detector). Other appearances have been shown pre-
viously with the purely statistical technique [7]. The
appearance shown here is that of the Canny detector,
which produces a single-line contour because of the non-
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Fig. 6. Similar to Fig. 5, but for the ‘‘Airplane’’ image.
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maxima suppression stage it includes. This stage is also
included in Meer’s method. It should be noted that a com-
parison between edge detection results is not unambiguous.
It is well known that edge detections are frequently evalu-
ated according to the intended task in a higher processing
stage. One task may prefer only edges of coarser object,
while the other may require edges of the finer details. How-
ever, evaluation by just viewing the results is often accept-
able, and a correlation between viewers’ preferences does
exist [10].
6. Conclusions

This work presents a new method for automatic selec-
tion of edge detector parameters. Two types of measures
are combined here to include spatial and statistical consid-
erations. The statistical measure states that important edg-
es in the image are usually agreed by wide range of detector
parameters. It uses a group of detection results produced
by different detector parameters to produce the best param-
eter set according to the correspondence between the differ-
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Fig. 7. Similar to Fig. 5, but for the ‘‘Grater’’ image.

212 R. Koren, Y. Yitzhaky / Computer Vision and Image Understanding 102 (2006) 204–213
ent detection results [7]. The spatial measure constructs a
saliency map based on a quantified measure of smoothness
and length properties of curves [3]. The drawback of the
statistical approach by itself is that it requires a wide initial
range of parameter sets that produce a group of detections
that range from sparse to noisy; otherwise, all the detec-
tions from which one should be selected, may be too sparse
or too noisy. The proposed technique solves this problem
by considering also the spatial saliency values. Too sparse
or too noisy results are identified and iteratively the range
of parameter sets is tuned to fit also the spatial saliency val-
ues. The saliency method by itself requires an unknown
threshold parameter to perform edge detection, which is
avoided by the combined proposed method. As a result
of the statistical nature of the method, it is not confined
to certain types of parameters and any parameter that
influences the detection result can be evaluated. As can
be see by the example shown in the results the proposed
technique corrects wrong ranges of parameter sets used
as an input to the statistical correspondence technique.



Fig. 8. For a comparison purpose, edge detection results are shown here using two other methods that can be implemented without pre-definition of
parameters by the user; (A–C) the method of Black et al. [11]. (D–F) The method of Meer et al. [12].
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