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Abstract
Purpose – The purpose of this paper is to propose a biological edge detection approach for aircraft such as unmanned combat air vehicle (UCAV), with
the objective of making the UCAV recognize targets, especially in complex noisy environment.
Design/methodology/approach – The hybrid model of saliency-based visual attention and artificial bee colony (ABC) algorithm is
established for edge detection of UCAV. Visual attention can extract the region of interesting objects, and this approach can narrow the searching
region for object segmentation, which can reduce the computational complexity. An improved ABC algorithm is applied in edge detection of the
salient region.
Findings – This work improved ABC algorithm by modifying the search strategy and adding some limits, so that it can be applied to edge detection
problem. A hybrid model of saliency-based visual attention and ABC algorithm is developed. Experimental results demonstrated the feasibility and
effectiveness of the proposed method: it can guarantee efficient target localization, with accurate edge detection in complex noisy environment.
Practical implications – The biological edge detection model developed in this paper can be easily applied to practice and can steer the UCAV during
target recognition, which will considerably increase the autonomy of the UCAV.
Originality/value – A hybrid model of saliency-based visual attention and ABC algorithm is proposed for biological edge detection. An improved ABC
algorithm is applied in edge detection of the salient region.
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Introduction

Unmanned combat air vehicle (UCAV) will play an important

role in future aerial warfare (Duan et al., 2010b, 2011).

Compared with current manned platforms, UCAVs are more

affordable and suitable for high-risk missions (Wise, 2003;

Zhang et al., 2010), with some unique advantages such as a

larger combat radius, greater payload, lower observability

and higher manoeuvrability (Pradeep, 2002; Zhao and Lu,

2012).
One of the main challenges of UCAV design is the automatic

target recognition system. Inaccurate detection informationwill

usually directly affect the awareness of the UCAV about the

battlefield state and target selection. Moreover, uncertain

detection information usually influences the recognition system

with side effects. In recent years, many methods for air vehicle

systems have been proposed to improve the performance of

target recognition. A novel shape-matching approach with

optimized edge potential function is proposed as an effective

alternative tovisual target recognition (Xu et al., 2010). 3D local

map and vehicle pose are used to improve the ability to robustly

visual lock on to the ground targets (Min et al., 2012). What is

more, visual detection with ground targets search and

assignment were also providing a progress and alternative for

UACV (Liu et al., 2012; Bertuccelli and Cummings, 2012;

Lin et al., 2012). In this work, wewill focus onUCAVautomatic

target recognition, and only the edge detection will be studied.

Edge detection is the fundamental step in edge extraction and

object delineation in image processing. The goal of edge

detection is to mark the points which contain the major

information in a digital image. An effective edge detector can

reduce a large amount of data and still keep most of the

important feature of the image or object. Many edge detection

algorithms have developed based on computation of the

intensity gradient vector at which the intensity changes sharply.
In our work, a hybrid biological model of saliency-based

visual attention and improved artificial bee colony (ABC)

algorithm will be emphasized. The main objective of our work

is to design an edge detection approach for aircraft such as

UCAV, with the objective of making the UCAV recognize

targets, especially in complex noisy environment. ABC

algorithm is a new swarm intelligence meta-heuristic

optimization method, based on the intelligent foraging

behaviour of honey bee swarm (Karaboga, 2005).
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ABC algorithm is usually used for optimizing multi-variable

multi-modal numerical functions and has been proved to

outperform the other algorithms in function optimization
problem such as genetic algorithm (GA), differential

evolution (DE) algorithm, particle swarm optimization

(PSO) algorithm and particle swarm inspired evolutionary
algorithm (PS-EA) (Karaboga and Basturk, 2007, 2008;

Karaboga and Akay, 2009). ABC algorithm conducts local

search in each iteration, and the probability of finding the
optimal results is significantly increased, which can efficiently

avoid local optimum to a large extent. This work improved

ABC algorithm by modifying the search strategy and adding
some limits, so that it can be applied to edge detection

problem.
Saliency-based visual attention model created by Itti is a

successful bottom-up computational model (Itti et al., 1998,
2001). It can help select regions of an image that contain
salient objects, which can be used for the task of object fast

recognition in the visual field. The original model is to obtain

the features maps of different feature channel like color,
intensity and orientation. Some improved work on the

attention model has been done to make the model more

accurate and efficient (Siagian and Itti, 2007; Parikh et al.,
2010; Li et al., 2011). More features channels such as flicker,

motion, stereo disparity have been added to the model based

on the different detecting tasks. The work to compute the gain
or weight of particular maps also can make the result more

approximate to the feel of people.
In this paper, the visual attention model is to get the region

of object recognition. ABC algorithm is introduced to solve

the object edge detection problem, whose aim is to extract the
object edge information in the salient region. Experimental

results demonstrated the feasibility and effectiveness of the

proposed method, and it can guarantee an efficient target
localization, with accurate edge detection in complex noisy

environment.

Model development

In this section, the mathematical model of biological method
of saliency-based visual attention and ABC algorithm is

developed.

Saliency-based visual attention

Visual attention is an important psychological adjustment

mechanism of human vision. Bottom-up visual attention is the

process by which primates quickly select regions of an image
that contain salient or conspicuous objects. The saliency-

based visual attention model is to compute a saliency map
which indicates how conspicuous every location of the target

in the input image is. In the saliency model (Figure 1)

proposed by Itti (Itti et al., 1998), an image is analyzed along
multiple low-level feature channels to give rise to multi-scale

feature maps, which detect potentially interesting local spatial

discontinuities using simulated center-surround neurons. In
the saliency-based visual attention model, first, three features

are extracted from the image after linear filtering. The

feature channels are used to simulate the neural features
which are sensitive to color (red/green and blue/yellow),

intensity (dark and bright) and orientation (08, 458, 908

and 1358).
Second, the multi-scale approach is aimed at detecting

conspicuous features of different sizes to produce a set of images

using imaging pyramids operator. Each feature channel is

computed to obtain multi-scale feature maps using pyramids

and center-surround operations. The scales of each channel are
obtained from pyramidal filter outputs (Gaussian pyramids for

the color and intensity channels and Gabor filters for the
orientation channel), from scale 0 (the original image) to

scale 8 (the image reduced by the ratio of 1:256 in both
horizontal and vertical dimensions). Then the model performs

center-surround operations between filter output maps. This
operation combines center scales (c ¼ {2, 3, 4}) and surround

scales (s ¼ c þ d) with center-surround scale differences
(d ¼ {3, 4}).
After the center-surround operation, the scale pairs (2_5,

2_6, 3_6, 3_7, 4_7, 4_8) are obtained. Then all the feature

maps are combined into three conspicuity maps (color,

intensity and orientation). In order to combine different
feature maps, all feature maps are resampled to scale 4 which

is 1/16 the size of the original image and normalized into
[0, 1]. Thus, three conspicuity maps are obtained through

across-scale addition, which consists of reduction of each map
to scale 4 and point-by-point addition.
The three normalized conspicuity maps are then linearly

summed and their average forms the final salience map. From

the final salience map, the most salient region can be obtained
in the visual field.

Improved ABC algorithm for edge detection

ABC algorithm consists of three essential components:

employed and unemployed artificial foraging bees, and
artificial food sources. Employed and unemployed foraging

bees search for rich food sources, which is to get out the good
solutions for a given problem. In the ABC algorithm, the

colony of artificial foraging bees contains three groups of bees:
employed bees, onlookers and scouts. The model of ABC

algorithm also defines two leading modes of behaviour which
are necessary for self-organizing and collective intelligence:

recruitment of foraging bees to rich food sources resulting in
positive feedback and abandonment of poor sources by

foraging bees causing negative feedback.
The value of a food source (A and B in Figure 2) depends

on many factors. However, for the sake of simplicity, the

“profitability” of a food source can be represented with a
single quantity in the ABC algorithm (Karaboga, 2005).

In edge detection, the position of a food source represents a
possible parameters solution to the optimization problem and

the nectar amount of a food source corresponds to the
similarity value of the associated solution. The rich food

sources are the marked points of which the edge of the image
or object is composed.
It is assumed that if a bee has no knowledge about the food

sources in the search field, bee initializes its search as an

unemployed forager (Duan et al., 2010a; Xu et al., 2010).

Unemployed foragers are continually looking out for a food
source to be exploited. There are two types of

unemployed foragers: scouts (S in Figure 2) and onlookers
(R in Figure 2).
For every food source, there is only one employed bee. The

number of employed bees is equal to the number of food

sources.They are associatedwith aparticular food sourcewhich
they are currently exploiting. They carry with them information

about this particular source, the profitability of the source and
share this information with a certain probability. After the

employed foraging bee loads a portion of nectar from the food
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source, it returns to the hive and unloads the nectar to the food

area in the hive. Three possible options related to residual

amount of nectar for the foraging bee (i.e. UF, EF1 and EF2

in Figure 2). In this way, the bees can construct a relative good

solution of the multi-modal optimization problems.
At the initial moment, all the bees without any prior

knowledge play the role of detecting bees. After a random

search for bee sources, the detecting bees can convert into any

kind of bees above in accordance with the profit of the

searched food sources. The changing rules are described as

follows.
When the profit of the food source the bee searched is

higher than the threshold, it becomes a leading bee, going on

exploring nectar and also recruiting more bees (EF1)

to explore together. When the profit of related food source

is relative low, it gives up the food source, and again becomes

a detecting bee to search for new food source (UF). When the

profit is less than certain threshold, it follows leading bees to

explore nectar. When searching times around hive exceed a

certain limit but the bees still could not find a good resource,

the bees abandon the source and find a new one.

To apply ABC algorithm, the considered optimization

problem is first converted to the problem of finding the best

parameter vector which minimizes an objective function.

Then, the artificial bees randomly discover a population of

initial solution vectors and then iteratively improve them by

employing the strategies: moving towards better solutions by

means of a neighbour search mechanism while abandoning

poor solutions.
The procedure of our improved ABC algorithm approach

to image edge detection can be explained as follows.

Section 1
Step 1. Image pre-processing. Obtain the image and convert

it into grayscale format. Then filter the target image to remove

the noise.

Step 2. Initialization of parameters. Initialize the

parameters of ABC algorithm, such as the population of bee

colony Ns, the number of employed bees Ne and unemployed

bees Nu and so on.
In general, we define Ns ¼ Ne þNu, and Ne ¼ Nu.

Obviously, larger Ns will contribute to a larger possibility of

Figure 1 Overview of saliency-based visual attention model
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finding the best solution of the problem; however, it also

means an increased computing complexity of the algorithm.

Step 3. Search the food sources. Send all colony bees to

search the food sources randomly. Then calculate the fitness

value of each food source based on the fitness function. These

food sources form the image edge which we want to be

detected. The larger the fitness value is, the better the image

edge detects.
In this paper, the fitness function is shown as:

f ði; jÞ¼jIi22; j212I iþ2; jþ1jþjIi22; jþ12Iiþ2; j21jþjIi21;j22

2I iþ1; jþ2jþjIi21; jþ12Iiþ1; j21jþjIi21; j2Iiþ1; j j
þjI i; jþ12Ii;j21jþjI iþ1; j222Ii21; jþ2jþjIiþ1;jþ12Ii21; j21j

ð1Þ

Formula (1) is to calculate the gradient of the variation of the

image’s intensity values on the clique (a square of 5*5 as

shown in Figure 3) (Tian et al., 2008). Ii,j is the intensity value
of the pixel at the position (i, j) of the image.

Step 4. Initialization of the positions of the employed bees.

Sort descending the fitness values of the food sources in Step 3.

Then select the number of the formerNe as the positions of the

employed bees.

Step 5. Search around their current positions to find better

solutions. The employed bees search around their current

positions (parameters) to find new solutions, and update

positions if thenewfitness value is higher than theoriginal value.
The search strategy can be described as follows: for

the ith employed bee, first engender a random integer j

between 1 and D and a random integer k between 1 and Ne,
then the jth parameter of the ith employed bee could be

updated by:

y0ið jÞ ¼ yið jÞ þ ðyið jÞ2 ykð jÞÞ · ðrand 2 0:5Þ · 2 ð2Þ

where rand represents a random value between 0 and 1.

Calculate the new fitness value of the updated parameters by
formula (1) and choose the one that possesses a higher fitness

as the new employed bee.

Step 6. Send the onlooker bees onto the food sources.

The onlooker bees apply the roulette selection method to
choose the bee individual as the leading bee. Each onlooker

continues to search new solutions just around the leading
bee’s solution space similar with Step 5, and calculate their

fitness values. If the new solution is better than the original

one, update the position of the employed bee which has been
chosen.
The roulette selection method means that the leading bee is

chosen with the probability value. Probability values are

calculated by using fitness values and the maximum fitness
value. The formula is:

probðiÞ ¼ a*fitnessðiÞ=maxð fitnessÞ þ b ð3Þ

Step 7. Stop the exploitation process of the sources and
send the scouts into the search area. If the search times trial is

larger than certain threshold limit, the employed bee gives
up the solution. Then send the scout to search new food

source.

Step 8. Store the food sources and their fitness values.

Figure 2 Behaviours of honey bees foraging for nectar
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Section 2
Step 9. Search the similar food sources to form the edge of

image. The food sources found in the above steps of Section 1

represent the scattered points of the edge. The edge can be

formed by searching the similar food sources in a square of

3*3. The similar value is calculated by:

j f 2 f r j # Th1 and j f j $ Th2 ð4Þ

where f represents the fitness value of the new food source,

and fr represents the fitness value of the food source

found in the above steps. The threshold Th1 and Th2 can be

set according to different images. Store all the similar food

sources.

Step 10. Mark the food sources in Steps 8 and 9 in the

image.
Our improved ABC algorithm is an effective expand of the

original ABC, which is attributed to design the appropriate

strategy for edge detection. In Section 1, the scattered points

of the edge are found and stored. However, the edge of object

is the connection of points. The steps in Section 2 are used

to expand the edge so that more information of edge can

be got.

Combination of visual attention and ABC algorithm

The detailed procedure of combination of visual attention and

ABC algorithm for biological edge detection is shown in

Figure 4.
As a combination of visual attention and improved ABC

algorithm, our proposed edge detection method for UCAV is

a optimized point searching scheme on salient map.

Through several operations of visual attention model,

salient regions which contain targets are extracted to

accelerate the whole process and reduce the effect of noise
interference.

Simulation results

To verify the feasibility and effectiveness of the proposed
biological approach in this work, series of experiments
are conducted. The parameters are set as: Ns ¼ 1,000,
Ne ¼ 500, Limit ¼ 100, Iteration ¼ 500. The experimental

results with the improved ABC algorithm for edge detection are
shown in Figure 5.
In thefirstexample(Figures5and6), the target is the redketch.

The results show that the improved ABC algorithm for edge
detection is feasible and effective. This method can obtain the
edge information of the objects in the image and remove large
environmental information and noise.
Then, the experiments are conducted using the proposed

combination method of visual attention and ABC algorithm.
Some results (Figure 7) clearly show that this combination
method can successfully obtain the important part of the
image and objects. It is feasible for object detection. Even
though this method will make some information lost and we

may not get the complete edge of object, it is enough for the
target recognition.
To further prove the performance of the proposed biological

method, we change the original image and conduct the

experiment. In experimental results (Figures 8 and 9) of the
combination method, the original image is not clear and
includes some noise. From the results, we can know that this
method can also successfully obtain the objects.

Conclusion

In this paper, the hybrid biological model of saliency-based
visual attention and ABC algorithm is established for edge

Figure 3 Clique for computing the fitness of pixel (i, j)
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detection of UCAV. The visual attention model can help find

the target region fast and accurately, which can reduce the

amount of information and make the following processes

easier and simpler. The improved ABC algorithm can detect

the target edge effectively and avoid the effects of environment

and noise. The experimental results show that our

proposed method is a feasible and effective way in target

edge detection.
Our future work will focus on how to apply the proposed

biological approach to solve other real-world problems, such as

unmanned aerial vehicle (UAV), mobile robots, industry

production line, and intelligent transportation.

Figure 4 The procedure of the combinational method
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Figure 5 Original image and results of edge detection algorithms
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Notes: (a) Original image; (b) and (c) are results of Sections 1 and 2 of our improved ABC algorithm; (d) Canny
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Figure 6 Evolution curves of our algorithm
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Figure 8 Original image and results of edge detection algorithms
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