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Abstract

In low-level edge detection, single pixels have been
popularly used to extract edge features. However,
the extracted edge features might not have good abil-
ity to effectively mark edge points on images with
noise or/and textures. Single pixels can be extracted
based on a local window. To automatically search pix-
els to extract edge features using Genetic Program-
ming, search operators based on single pixels and sin-
gle blocks of pixels have been proposed. Single blocks
of pixels can be used to improve detection perfor-
mance on natural images, but the computational cost
is high. In this paper, to reduce the computational
cost of using blocks of pixels, a new search opera-
tor based on two blocks of pixels is proposed. The
experiment results show that the proposed search op-
erator can effectively reduce computational cost on
evolved edge detectors, remaining good detection per-
formance. Keywords: Genetic Programming, Edge
Detection, Feature Extraction

1 Introduction

Edge detection is a subjective task, and has been in-
vestigated more than three decades (Kunt 1982, Pa-
pari & Petkov 2011). In general, there are three stages
in edge detection: pre-processing, feature extraction
and post-processing. Feature extraction is an import
stage. Techniques for pre-processing, such as filter-
ing, and post-processing, such as thinning edges, can
be routinely cooperated with feature extraction ap-
proaches (Martin et al. 2004, Moreno et al. 2009a).

In low-level edge detection, pixels from local win-
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dows are extracted to construct edge features for dis-
criminating pixels as edge points or non-edge points.
Window size is a trade-off between detection accu-
racy and localisation (Basu 2002). To avoid using
windows, search operations need to be based on full
individual images. Since edge features are implicit,
there are no generic approaches to extracting edge
features from images. The intensity value of a single
pixel is often not sufficient to discriminate that pixel
as an edge point or a non-edge point. To automati-
cally search for neighbouring pixels for constructing
edge features, Genetic Programming (GP) has been
applied to edge detection (Harris & Buxton 1996, Poli
1996, Fu et al. 2011b).

However, it is difficult to suppress textures using
single pixels (Papari & Petkov 2011, Ganesan & Bhat-
tacharyya 1997). From the results in (Harris & Bux-
ton 1996, Poli 1996, Fu et al. 2011b), detected re-
sults are also affected by noise and some textures.
From human observation, boundary information re-
quires a reasonable area surrounding the boundary to
be recognised, so features extracted from small areas
(based on blocks) are useful to detect edges via filter-
ing noise and textures (Martin et al. 2004, Papari &
Petkov 2011). To suppress noise and textures, single
blocks of pixels have been proposed to extract edge
features by GP (Fu et al. 2012b). From the results, it
is effective to use single blocks of pixels to improve
detection accuracy. However, it is found that the
computational cost of the evolved edge detectors for
detecting images is obviously increased, comparing to
the evolved edge detector based on single pixels only.
It is worth further investigating how to reduce com-
putational cost and remain detection accuracy when
GP utilises search operators based on blocks of pixels
to extract edge features.

1.1 Goals

The goal of this paper is to reduce the computational
cost of GP using blocks of pixels to evolve edge detec-
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tors to extract edge features while remaining detec-
tion accuracy. Little prior domain edge knowledge,
only using training images and their ground truth, is
provided for automatic edge feature extraction. In
the existing work (Fu et al. 2012b), single blocks of
pixels were combined to construct GP edge detectors.
There are a large number of candidate combinations
on the proposed blocks. However, there are also many
combinations which are not useful for extracting edge
information. To reduce the number of candidates and
remove some useless combinations, a new search op-
erator based on two blocks (a simple combination of
two single blocks) is proposed. Specifically, the fol-
lowing research objectives will be investigated.

• Whether constructing search operators using two
blocks of pixels is better than using a single block
of pixels to evolve low-level edge detectors, in
terms of detection accuracy.

• Whether constructing search operators using two
blocks of pixels is faster than using a single block
of pixels to evolve low-level edge detectors.

Different from the existing work (Fu et al. 2012b),
we further investigate the searching (pixels) be-
haviour from GP. We utilise different combinations
of search operators to evolve edge detectors.

1.2 Organisation

In the remainder of this paper, Section 2 briefly de-
scribes edge detection background and presents exist-
ing work in edge detection using GP with discussions.
Section 3 introduces the GP system using blocks of
pixels. Section 4 describes the experiment design. Af-
ter the experiment results with discussions are pre-
sented in Section 5, conclusions are drawn and po-
tential future investigation is suggested in Section 6.

2 Background

Relevant background on edge detection is briefly de-
scribed in this section. Then, we give a brief survey
on GP for edge detection.

2.1 Edge Detection

Edge features are used to discriminate pixels as edge
points or not. In general, in the pre-processing
stage, techniques are designed to filter noise and sup-
press textures; and in the post-processing stage, tech-
niques are introduced to thin edges, remove stand-
alone edge points, and link broken edges (Papari
& Petkov 2011). The stages of pre-processing and
post-processing are commonly employed to different
edge detectors (Lopez-Molina et al. 2013). There-
fore, edge features extracted by edge detectors usually
determine the detectors’ performance (Moreno et al.
2009a). In (Martin et al. 2004), different boundary
detectors are trained by combining the same set of
basic features, and those learnt detectors have simi-
lar results.

From the way of extracting edge features, we
can extract edge features from low-level, mid-level
and high-level. Generally, image context or object
knowledge can be used to extract mid-level or/and
high-level edge features. For instance, the Gestalt
Laws (Papari & Petkov 2008) and the objects’ sim-
ilarity (Bai et al. 2008) has been used for edge fea-
ture extraction. Also, high-level features can be com-
bined from low-level features. Low-level features are
directly extracted from raw pixels in a local area, and
they do not consider the image content.

In the early stage of the edge detection develop-
ment, the edge feature extraction approaches mainly
focused on low-level edge feature extraction (Gane-
san & Bhattacharyya 1997, Kunt 1982). “Edge”
is considered discontinuities on one-dimensional or
two-dimensional signals (Basu 2002). Methods us-
ing differentiation techniques are popular to obtain
edge responses on discontinuities. Edge detectors
have utilised the gradients as edge responses, such
as the Prewitt and Sobel edge detectors (Gane-
san & Bhattacharyya 1997). To filter noise, meth-
ods via combining pre-processing (Gaussian filter-
ing) and differentiation are employed to extract edge
features, such as the Canny edge detector (Canny
1986). From retinal receptive fields using Gaussian
functions, Gaussian-based edge detectors have been
widely developed (Basu 2002). A common computa-
tional framework, using single raw pixels in a small
local window to extract edge features, was suggested
for edge detection (Ganesan & Bhattacharyya 1997).

Window size is a trade-off between localisation and
noise rejection. A small window can be used to find
details of edges, but the detected results are easily af-
fected by noise and textures (Papari & Petkov 2011,
Basu 2002, Bertero et al. 1988). From (Bertero et al.
1988), it is shown that the computation of the deriva-
tives of a digital image is an ill-posed problem because
there are no unique solutions for derivatives. When
using a window to calculate edge responses, a big win-
dow has problems for edge localisation, a small win-
dow has problems of rejecting noise.

To reject noise and suppress textures, blocks of
pixels are used to extract edge features. The differ-
ence of two blocks of pixels are used to indicate edge
responses, such as dissimilarity indication from statis-
tical test techniques (Lim & Jang 2002). In (Lim &
Jang 2002), different two-sample tests are employed
to extract edge features. Besides directly using the in-
tensities of pixels, the intermediate results of blocks
of pixels are employed to suppress noise and textures,
such as the surround suppression technique (Grig-
orescu et al. 2004). In the surround suppression tech-
nique, gradients and the outputs of an edge detector
using Difference of Gaussians (DoG (Marr & Hildreth
1980)) are combined together for edge detection.
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2.2 Related Work for Edge Detection Using

GP

This subsection briefly surveys the related work for
edge detection using GP. From the view of employing
knowledge in GP for edge detection, GP approaches
for edge detection can be categorised as low-level ex-
traction methods (little edge knowledge) and combi-
nation methods with some edge knowledge.

2.2.1 Low-level Extraction

When only little edge knowledge is used in designed
tasks of GP for evolving edge detectors, it is expected
that the outputs of the evolved edge detectors us-
ing pixels have similar outputs from human design
(marked edges or existing designed edge detectors).
In the training stage, generally, the desired outputs
from human design are used. To extract edge fea-
tures, search operators using single pixels (shifting
functions) have been employed for evolving detec-
tors based on full images (Poli 1996, Fu et al. 2011b,
2012c,b). Terminals including bits of the pixels in
a 4 × 4 window were used to evolve edge detectors
which were used to design digital circuits for edge de-
tection (Golonek et al. 2006). Also, edge responses
are generated based on existing knowledge, and then
they are approximated by GP. In (Harris & Buxton
1996), one-dimensional step signals and the relevant
edge responds were designed. GP was utilised to
evolve formulae to fit these responses. These formulae
were utilised to design one-dimensional edge detec-
tors. Responses from existing edge detectors are also
approximated by GP, such as the outputs of the Sobel
and Canny edge detectors (Ebner 1997, Hollingworth
et al. 1999, Harding & Banzhaf 2008).

The advantage of GP evolving edge detectors with
little knowledge is that the training stage is indepen-
dent of the background of edge detection. Different
from human design, new programs can be found by
GP. Based on desired outputs, GP is flexible to evolve
different edge detectors from specific tasks. However,
the search space for these techniques is too large, how
to efficiently and effectively search pixels to construct
edge detectors is a remaining issue.

2.2.2 Extraction using Some Edge Knowl-

edge

In order to efficiently construct edge detectors, some
simple edge knowledge has been used. From analysing
edges and non-edges in a local area, Zhang and Rock-
ett (Zhang & Rockett 2005) summarised edge pat-
terns and non-edge patterns with 13 × 13 windows,
and then edge detectors using pixels from a 13 × 13
window as terminals were evolved. Some image oper-
ators also have been used to construct edge detectors.
Morphological operators erosion and dilation as the
terminal set were employed to evolve morphological
edge detectors (Quintana et al. 2006, Wang & Tan
2010). Gaussian operators and other image operators
were used to evolve a high-level feature by GP, and

this edge feature was combined with other edge fea-
tures as a trained logistic regression classifier to detect
object boundaries (Kadar et al. 2009). Additionally,
three basic features were employed to combined com-
posite features by GP (Fu et al. 2012a, 2013b,a).

The advantage of using edge knowledge to evolve
new edge detectors is that the performance of these
evolved edge detectors is not too low. However, these
methods are dependent on the used knowledge. When
only training images and their ground truth are pro-
vided, how to effectively and efficiently search pixels
to extract edge features still needs to be investigated.

3 GP System Based on Full Images

This section describes the new GP system modified
from the existing work (Fu et al. 2012b).

3.1 Sets of Terminals and Functions

This GP system uses a full image as a terminal. In
general, constants are helpful for constructing GP
programs in many applications (Koza et al. 1999, Poli
et al. 2008). Besides the full image I, the terminal
set contains random constants. The range of random
constants rnd is from −10 to 10 based on initial ex-
periments.

For the function set, the common arithmetic oper-
ators include the addition (+), subtraction (−), mul-
tiplication (∗), division (÷), absolute (abs), square
(square) and square root (sqrt). All functions work
on each element of a matrix, such as each pixel of
the input image I. The +,−, ∗, abs, square have
their usual meanings. The square root function sqrt

is protected, which produces a result of 0 for nega-
tive inputs. Division ÷ is also protected, producing a
result of 1 for a 0 divisor.

In existing work, there are two proposed search
operators as functions: one search operator sn,m (Fu
et al. 2011a) based on a single pixel and the other
search operator blockt,l,w,d (Fu et al. 2012b) based on
a single block of pixels.

3.1.1 Function sn,m

Function sn,m shifts its argument (a single two-
dimensional matrix input) by n columns and m rows.
If n is positive, a right shifting operation performs on
the input, otherwise a left shifting operation performs
on its argument. If m is positive, the two-dimensional
input shifts down, otherwise shifts up. Its argument
can come from image I or an intermediate result of a
subtree, sub(I), constructed by the GP system.

Note that if the two-dimensional input is rnd, rnd
is considered as a two-dimensional matrix with its el-
ements being equal to a single random constant. The
shifting operation performs on the bits of rnd, and its
value is multiplied by 2n+m so that the GP system can
generate a large range of different constants. Here n

and m are randomly selected from {−2,−1, 0, 1, 2}.
When a new shifting function sn,m is generated and
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(a) before calling s−1,0 (b) after calling s−1,0

Figure 1: Example two-dimensional matrix and its
result after calling s−1,0.

Figure 2: The 2×2 Roberts detector constructed with
GP. Nodes “

√
” and ”SQ” are functions sqrt and

square, respectively.

its argument is image I, each pixel or one of its neigh-
bours in a 5 × 5 window has equal probability to be
selected.

Figure 1 (a) shows an example of a small two-
dimensional matrix (for a ramp edge), and (b) is its
result after calling a shifting function s−1,0. Note
that the last column of the shifted result is filled by
the nearest element in the matrix. Via using shifting
functions to implicitly search neighbours, neighbours
of each discriminated pixel can be combined for con-
structing edge features with common operators.

It is possible for this GP system to generate some
existing edge detectors. For instance, the 2 × 2 win-
dow Roberts detector (see Equation (3)) (Ganesan &
Bhattacharyya 1997) is represented by the GP edge
detector GERoberts, which is given by Equation (6),
where ⊛ is a convolution operator. In order to employ
the neighbours of each discriminated pixel (including
each discriminated pixel itself) used in the Roberts
detector, functions s1,1, s1,0 and s0,1 are used to select
the pixels around each discriminated pixel. Figure 2
presents a tree representation of the 2 × 2 window
Roberts filter based on full image I.

RRoberts,x =

[

1 0
0 −1

]

⊛ I (1)

RRoberts,y =

[

0 1
−1 0

]

⊛ I (2)

RRoberts =
√

R2

Roberts,x +R2

Roberts,y (3)

GERoberts,x = I − s−1,−1(I) (4)

GERoberts,y = s−1,0(I)− s0,−1(I) (5)

GERoberts =
√

GE2

Roberts,x +GE2

Roberts,y (6)

3.1.2 Function blockt,l,w,d

In general, it is a difficult task for GP to evolve a
good edge detector using only single pixels to remove
influence of noise and textures. The edge detector
employs the intensity level of each single pixel, and
it is sensitive to the pixel intensities. For instance, a
pixel, which is not an edge point and is not affected by
noise or texture, is easily marked as a non-edge point
by an edge detector, such as the Sobel edge detec-
tor (Ganesan & Bhattacharyya 1997). After adding
noise to the pixel, the edge detector might detect it
as an edge point. In order to suppress noise and tex-
tures, information for an edge from a local area needs
to be used. In general, a local area for indicating a
pixel as an edge point includes a set of its neighbours.

If only sn,m is used to filter noise and textures,
filters as subtrees need to be constructed, and then
a program is constructed by these subtrees. How-
ever, the sizes of GP trees including filters are nor-
mally very large. If a large size tree is allowed in the
GP system, the search space (tree size) will be expo-
nentially increased, which leads to an increase in the
computational cost. For example, the size of a full
binary tree from depth dp − 1 to dp is increased by
O(2dp−1). Additionally, some existing filters cannot
be constructed by the simple GP system, such as a
median filter (Bovik et al. 1987).

To suppress textures and reject noise, existing
work employs a set of pixels. The dissimilarity of
two blocks of pixels was indicated by statistical ap-
proaches (Lim & Jang 2002). A surround suppres-
sion technique utilised blocks of pixels’ intermedi-
ate results (gradients) to remove some texture re-
sponses (Grigorescu et al. 2004). To simulate this
idea, new approaches to using a set of pixels or their
intermediate results need to be developed so that the
GP system has some ability to search blocks of pixels
to reject noise and suppress textures.

Search operator blockt,l,w,d is designed to find
blocks of pixels to extract edge features so that the
GP system can effectively construct edge detectors
with some ability to filter noise and textures. The
search operator blockt,l,w,d includes approaches (t) to
transforming a block of pixels to a single variable
(such as the mean of intensities of all pixels in the
block), the block size parameters l (the length of the
block) and w (the width of the block), and the direc-
tional position d (where the block is located around
a discriminated pixel). The argument of the search
operator is a two-dimensional matrix, which is im-
age I or an intermediate result from a subtree sub(I).
Figures 3 (a) and (b) describe two examples for the
blocks of pixels specified by the search operator. Here,
a block of pixels (“bbbb”) is specified relative to the
discriminated pixel (“c”). In Figure 3 (a), the param-
eters for the block are l = 4, w = 1 and d =“right”;
and in Figure 3 (b), the parameters for the block are
l = 2, w = 2 and d =“up”.

The parameter t is used to transform a set of pixels
to a single variable. The purpose of using a block of
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(a) Right (b) Up

Figure 3: Two example blocks of pixels specified by
search operator blockt,l,w,d.

pixels is to indicate some special characteristics from
the set. Mean and standard deviation are commonly
used to summarise a group of data. Therefore, mean
(t = 0) and standard deviation (t = 1) are employed
in the search operator blockt,l,w,d.

The search operator blockt,l,w,d is used to find a
set of pixels around a discriminated pixel, and it has
no ability to move to a new position. From the com-
parison between sn,m and blockt,l,w,d, the latter only
searches a limited area for constructing edge detec-
tors. Without sn,m, the pixels only found by the
search operator blockt,l,w,d are dependent on its pa-
rameters l, w and d. However, sn,m can search pixels
which are far away from the relevant discriminated
pixel, and the ability to find pixels is dependent on
not only its parameters n and m, but also the maxi-
mum depth of a GP tree.

In contrast to the existing approaches to utilising
blocks of pixels, the search operator blockt,l,w,d pro-
vides four distinguished characteristics. Firstly, an
unfixed size block (used to find a set of pixels) is dif-
ferent from the common way using a fixed block (Dol-
lar et al. 2006, Martin et al. 2004, Papari & Petkov
2011). It is possible that GP can find a suitable size
block to construct edge detectors, which decreases the
computational cost but does not affect the ability to
detect edges. Secondly, flexible positions to find a
block of pixels are used after calling the search op-
erator sn,m. In a ramp edge or a stair edge, the
closest neighbours might affect the detection results
because of its discontinuity. Using a combination
of sn,m and blockt,l,w,d, such as blockt,l,w,d(sn,m(I)),
possibly avoids this influence. Thirdly, different di-
rectional positions are used together to construct
edge detectors so that the directional calculation is
avoided. Lastly, a flexible input in blockt,l,w,d comes
from original image I or an intermediate result af-
ter some processing on image I (subtree). After call-
ing a subtree sub(I) for filtering noise or textures,
blockt,l,w,d(sub(I)) might help improve detection per-
formance.

Figure 4 shows an example of searching blocks of
pixels for discriminating the centre pixel (blue) in four
different directions. Here, the neighbours with the
same colour are in the same block. There are two
major areas with intensities 11 and 55 respectively.
Three columns with intensities 20, 30 and 40 are the
critical region between both major areas. From ex-
isting methods, a comparison between the right block
and the left block or between the right block and the

Figure 4: Example of searching neighbours by
blockt,l,w,d.

bottom block is easy to find the ramp edge. For
instance, the mean of pixel intensities from differ-
ent blocks can be compared. The difference of the
means of pixel intensities in the left block and the
right block is 11∗4+20∗2

6
− 40+55∗3

4
=−37.25. Here, out

of the right area is considered as the area with inten-
sity 55. To discriminate the right neighbour (at the
sixth column), all blocks move right by a pixel, and
the right block has four “55” (three in the figure and
one being out of the right area). The differences of the
means for the right neighbours (the sixth, seventh and
eighth columns) are −34.67 (11∗2+20∗2+30∗2

6
− 55∗4

4
),

−25.00, and −13.33, respectively. The differences of
the means between the left block and the up block for
the pixel and its relative right neighbours are −21.00,
−27.17, −25.00 and −13.33, respectively. Since the
means from the left block and the up block are close,
the relative response on the ramp edge is thick.

In Figure 4, if only using sn,m, a high threshold
14 might be used to detect the boundary between the
seventh and sixth columns based on the difference of
two columns. The difference of the intensities be-
tween the seventh and sixth columns is 15 (55− 40).
However, if the intensities of the pixels at the last
three columns are changed to 50 and the intensities
of the pixels at the first three columns are changed to
10, the responses from the third columns to seventh
columns are the same (30 − 20 = 40 − 30 = 50 − 40
= 10).

3.2 New Search Function

While blockt,l,w,d can be used to search good edge
features as discussed previously, the search space is
huge. To reduce the search space of using blocks of
pixels, two blocks with the same size are combined
by common operators, and a new search operator is
developed for combining two blocks of pixels. In edge
detection, edge points are often located at boundaries
between “different” areas. The detection mainly fo-
cuses on finding differences. Subtraction − and divi-
sion ÷ are usually used for indicating differences from
numerics. Therefore, we employ − and ÷ in the new
search operator tbj,t,l,w,d1,d2

(j =‘−’ or j =‘÷’) us-
ing two blocks of pixels. Equations (7) and (8) give
the definition of the search operator tbj,t,l,w,d1,d2

for
j =‘−’ and j =‘÷’, respectively. Here, ε is a small
positive constant, d1 and d2 are different directions,
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(a) horizontal direction (b) vertical direction

Figure 5: Examples of using two blocks of pixels.

and tb÷,t,l,w,d1,d2
requires that blockt,l,w,d2

must be
larger than or equal to 0.

tb−,t,l,w,d1,d2
= blockt,l,w,d1

− blockt,l,w,d2
(7)

tb÷,t,l,w,d1,d2
=

blockt,l,w,d1

blockt,l,w,d2
+ ε

(8)

Figures 5 (a) and (b) show combinations of two
blocks of pixels used for tbj,t,l,w,d1,d2

. To discriminate
the centre pixel, four combinations of two blocks are
shown in Figure 5. Here, the same colour blocks are
used in the same search operator tbj,t,l,w,d1,d2

. In this
study, the combinations of d1 and d2 are limited to
the four different combinations: left up and right up,
left bottom and right bottom, left up and left bottom,
and right up and right bottom.

Using tbj,t,l,w,d1,d2
is approximately considered as

a small subset of using blockt,l,w,d. The aim of propos-
ing tbj,t,l,w,d1,d2

is efficiently reducing the space for
searching blocks of pixels while remaining detection
accuracy. Note that tbj,t,l,w,d1,d2

is not randomly se-
lected from combinations of blockt,l,w,d. There are
two elements of prior knowledge used in tbj,t,l,w,d1,d2

,
namely the comparison using difference and the ap-
proach (t) frequently used in the evolved edge de-
tectors when blockt,l,w,d is used. Additionally, when
a random constant rnd is used as an argument in
blockt,l,w,d or tbj,t,l,w,d1,d2

, the return value is the
same as rnd.

3.3 Fitness Function

The class label for edge detection only has “edge
point” or “non-edge point” here, and the main class
is “edge point”. For the output of a program, 0 is em-
ployed as the threshold for discriminating a pixel as
an edge point (larger than 0) or a non-edge point (less
than or equal to 0), and all images use the pixel inten-
sities. Since only low-level edge detectors are evolved
in this study and searching operators are employed to
find features to construct GP detectors (namely this
study only focuses on the way to extract feature for
edge detection), the output is directly evaluated with-
out post-processing, following (Moreno et al. 2009b).

The F -measure technique (Martin et al. 2004) has
been widely used for evaluating edge detectors’ per-
formance. The F -measure technique is a combination
of recall and precision with a parameter factor α (from

(a) image 23080 (b) GT of image 23080

(c) sampled result (d) GT of the sampling

Figure 6: Example training image 23080, its ground
truth (GT) and its sampled result of size 125 × 125
pixels.

0 to 1). Here, recall is the number of correctly pre-
dicted edge points as a proportion of the total number
of pixels on the true edges, and precision is the num-
ber of correctly predicted edge points as a proportion
of the total number of predicted edge points. The fit-
ness function using F -measure technique is given in
Equation (9). To balance recall and precision, α is
set to 0.5 in this paper.

F =
recall ∗ precision

α ∗ recall + (1 − α) ∗ precision
(9)

4 Experiment Design

This section describes an image dataset and the set-
tings for the GP system.

4.1 Image Dataset

To evolve subjective edge detectors, the Berkeley Seg-
mentation Dataset (BSD) (Martin et al. 2004) in-
cluding natural images with ground truth provided
are chosen. To sample training images as the train-
ing data, a small training dataset is employed. This
image data set contains 20 BSD training images.
The 20 images are images 42078, 106020, 68077,
23080, 216053, 61060, 41004, 113044, 134008, 161062,
163014, 189011, 207056, 236017, 249061, 253036,
271031, 299091,311081, and 385028. For each image,
a subimage of size 125× 125 pixels are randomly ex-
tracted. Figure 6 shows training image 23080 and its
randomly sampled subimage of size 125× 125 pixels.
The test dataset is the 100 BSD full sized (481× 321)
test images.

4.2 Sets of Terminals and Functions

To investigate the influence of the function set, three
settings (search operators) are used different combi-
nations of the three search operators for the GP sys-
tem. The first setting is from the existing work (Fu

CRPIT Volume 168 - Data Mining and Analytics 2015

146



et al. 2012b), namely including search functions sn,m
and blockt,l,w,d. We use Sets,b to indicate the GP
system including sn,m and blockt,l,w,d. The second
setting uses the proposed search function tbj,t,l,w,d1,d2

and function sn,m. we use Sets,tb to indicate the GP
system including sn,m and tbj,t,l,w,d1,d2

. Sets is used
to indicate the GP system only using sn,m. Note that
the other functions and terminals are used with these
three settings.

4.3 Parameter Settings

The parameter values for blockt,l,w,d are: t = 0 for the
mean or t = 1 for the standard deviation, l is from 3
to 7, w is from 1 to 7, and d is one of left, right, up or
down direction. From the initial experiment results,
standard deviation has higher occurrences than mean
in the evolved edge detectors, so only standard devi-
ation is used in tbj,t,l,w,d1,d2

. The parameter values
for GP are: population size 800; maximum depth (of
a program) 10; maximum generation 200; and prob-
abilities for mutation 0.15, crossover 0.80 and elitism
(replication) 0.05. These values are chosen based on
common settings and initial experiments. Each GP
experiment for each setting is repeated for 30 inde-
pendent runs.

5 Results and Discussions

In order to compare this GP system with the exist-
ing methods using a moving window, a common sys-
tem (Zhang & Rockett 2005) uses all pixels in a 5× 5
window as terminals, and employs all functions in the
proposed GP system, except for the three search op-
erators. Note that n and m in sn,m are from −2 to
2. Using a single sn,m is equal to selecting a pixel
from a 5 × 5 window. Therefore, the 5 × 5 window
is chosen in the common system. The common sys-
tem detects edge points based on raw pixels, not full
images. In the common system, fixed neighbours are
given as terminals. Like the Sobel edge detector, the
common system moves the window pixel by pixel to
detect edge points. Set5×5 is used to indicate the
evolved edge detectors using the 5× 5 window to de-
tect pixels one by one. Note that this paper mainly
compares the proposed GP system with the GP sys-
tem in (Fu et al. 2012b).

5.1 Overall Results

Table 1 gives the test performance of the means and
standard deviations of F , the maximum F of the
evolved edge detectors, and the means and standard
deviations of the test time on the 100 BSD test im-
ages. Here the test time on each image is on a single
machine with CPU 3.1 GHz based on an implemen-
tation in C++. From Table 1, the highest mean of
F comes from the edge detectors evolved by GP us-
ing Sets,b (the search operators sn,m and blockt,l,w,d).
The common method using the 5× 5 moving window

(Set5×5) has the lowest mean of F . From the compar-
ison of the best evolved edge detector (maximum F )
from each setting, Sets,b has the best edge detector
with F = 0.3170 in Table 1, which is increased by 21%
(0.3170−0.2619

0.2619
), compared with the best edge detector

from Set5×5. The F values of the best edge detectors
from GP using search operators with a single block
of pixels are higher than 0.3. However, the F values
of the best evolved edge detectors using single pixels
are lower than 0.3.

For the computational cost, the evolved edge de-
tectors using single pixels (less than 0.05 second) are
much faster than the evolved edge detectors including
the search operators with blocks of pixels (their av-
erage being longer than 0.1 second). Compared with
the evolved edge detectors from Sets,b, the evolved
edge detectors from Sets,tb (using the search opera-
tor tbj,t,l,w,d1,d2

) obviously reduce the computational
cost of detecting images. However, the average time
of these edge detectors from Sets,tb is longer than
the average time of the edge detectors from Sets.
In Sets,tb, 18 of the 30 evolved edge detectors take
obviously less than 0.1 second to detect a BSD im-
age. Therefore, the search operator using two blocks
of pixels effectively reduces the computational cost,
compared to those using a single block of pixels. Note
that a GP edge detector executes from the bottom
up, which leads to redundancies existing in the calcu-
lations, such as the same subtrees. This is a poten-
tial reason that the computational cost in the evolved
edge detectors using blocks of pixels is heavy.

The standard deviations in these evolved edge de-
tectors using blocks of pixels (on detecting time)
are large. If using blockt,l,w,d, the detecting time
for evolved edge detectors is varied. From the de-
tecting times in Table 1, it is found that combining
tbj,t,l,w,d1,d2

with sn,m can improve the stability of the
test times when blocks of pixels are used.

Note that the standard deviations of F in Table 1
are small, although the test times are varied. Since
using blockt,l,w,d is not stable for the detecting cost,
all evolved edge detectors using blockt,l,w,d cannot be
considered as heavy computational cost detectors. In
these experiments, some evolved edge detectors using
blockt,l,w,d take less than 0.1 second to detect a BSD
test image. For instance, one evolved edge detector
from Sets,b with F = 0.2894 only takes 0.04 seconds
for detecting a BSD image.

5.2 Statistical Comparisons

Table 2 gives p-values using two-sample t -tests for
each pair of settings. Here, the first group comes from
the relevant setting in the first column and the second
group comes from the relevant setting in the first row;
↓ indicates that the first group (in the first column)
is significantly worse than second group (in the first
row); and ↑ indicates that the first group is signifi-
cantly better than the second group when using the
significance level 0.05. Note that each setting has 30
independent runs. From the table, the evolved edge

Proceedings of the 13-th Australasian Data Mining Conference (AusDM 2015), Sydney, Australia

147



Table 1: Test performance (mean ± standard deviation) of the GP edge detectors on the 100 BSD test images.
Note that the time is for testing one BSD image.

F maximum (F ) time (seconds)
Set5×5 0.2563± 0.0046 0.2619 0.0403± 0.0140
Sets 0.2632± 0.0098 0.2807 0.0213± 0.0093
Sets,b 0.2953± 0.0161 0.3170 0.2971± 0.1939
Sets,tb 0.2895± 0.0103 0.3063 0.1031± 0.0566

Table 2: Statistical p-values (two-samples t -tests)
among constructed GP edge detectors from Set5×5,
Sets, Sets,b, Sets,tb on the 100 BSD test images.

Sets Sets,b Sets,tb
Set5×5 0.0011 ↓ 0.0000 ↓ 0.0000 ↓
Sets 0.0000 ↓ 0.0000 ↓
Sets,b 0.1106

detectors from Sets are significantly better than the
evolved edge detectors from Set5×5. It seems that this
GP system using the search operator sn,m is better
than the common approach to using the 5×5 moving
window. From the p-values of comparing Sets with
the other settings (using blocks of pixels) respectively,
the evolved edge detectors using blocks of pixels are
significantly better than the evolved edge detectors
using single pixels only. There is non-significant dif-
ference between Sets,tb and Sets,b. From Table 2,
the evolved edge detectors using blocks of pixels are
significantly better the evolved edge detectors only
using single pixels (Sets and Set5×5). Based on
the comparison between Sets,b and Sets,tb, replac-
ing blockt,l,w,d with tbj,t,l,w,d1,d2

, GP evolves the edge
detectors which remains detection performance, in
terms of F .

From Tables 1 and 2, it is suggested that the search
operator tbj,t,l,w,d1,d2

can improve efficiency for con-
structing edge detectors, while keeping the accuracy
at the same time.

5.3 Visual Results

Figure 7 shows an example image detected by the best
edge detectors using single pixels and blocks of pixels
(Sets,b, Set5×5, Sets,b and Sets,tb). From the edge
detectors using single pixels only, namely from Sets,b
and Set5×5, the detected results are affected by noise
and textures in image 385039. When search operators
based on blocks of pixels are used, the detected results
from Sets,b and Sets,tb are not strongly affected by
textures. Comparing the edge detector from Sets,tb
to the edge detector from Sets,b, we find that there
are no obvious difference. It seems that all of the GP
evolved edge detectors using blocks of pixels suppress
textures and filter noise. Compared with the edge
detectors using single pixels only, the edge detectors
using blocks of pixels do not decrease obviously in

385039 ground truth

Sets Set5×5

Sets,b Sets,tb

Figure 7: Example test images detected by the best
edge detectors from Sets Set5×5, Sets,b and Sets,tb,
respectively.

finding true edge points, but obviously remove lots of
falsely predicted edge points, in terms of the detected
visual results. The edge evolved by GP with Sets,tb
are thicker than those with Sets,b, but this can be
easily thinned by a simple post-processing technique.

Note that when an offset is not allowed between
a predicted edge point to a true edge point, recall
and precision usually are not large. The difference of
F between Sets and Sets,b is small, but the visual
detected results from them are obviously different.

6 Conclusions

The goal of this paper was to reduce the computa-
tional cost of GP using blocks of pixels to extract
edge features while remaining detection accuracy. A
search operator based on two blocks of pixels was pro-
posed to reduce the number of potential combinations
of the existing search operator based on a single block
of pixels. From the experiment results, the GP sys-
tem using the proposed new search operator based on
two blocks of pixels can be used to reduce the com-
putational cost on the evolved edge detectors while
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remaining detection accuracy. It seems that reduc-
ing the search space on blocks of pixels is efficient to
improve the performance of the evolved detectors, in
terms of the computational cost.

For future work, the investigation on building
blocks for edge detection will be conducted so that
we can understand how GP works on construction of
edge detectors. The computational complexity of us-
ing varying blocks in GP will be investigated. Also,
different performance evaluation criteria will be em-
ployed to compare GP evolved edge detectors with
existing edge detectors.
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