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Abstract. The paper presents an application and comparison of Particle Swarm Optimization (PSO) and
Ant Colony Optimization (ACO) for object recognition problem in a robot material handling system. To
enable robust pick and place activity of metalcasted parts by a six axis industrial robot manipulator, it is
important that the correct orientation of the parts is input to the manipulator, via the digital image captured by
the vision system. This information is then used for orienting the robot gripper to grip the part from a moving
conveyor belt. The objective is to find the reference templates on the manufactured parts from the target
landscape picture which may contain noise. The Normalized cross-correlation (NCC) function is used as an
objection function in the optimization procedure. The ultimate goal is to test improved algorithms that could
prove useful in practical manufacturing automation scenarios.
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1. Introduction
The presented work, compares two evolutionary computation techniques Particle Swarm Optimization
(PSO) and Ant Colony Optimization (ACO). The goal of the paper is not to declare one of the techniques as
better than the other, but to test their applications after modification to suit the manufacturing scenario
discussed, as well as their limitations. The case study is a small-to-medium batch manufacturing foundry and
we intend to test the suitability of the algorithms for the purpose of lean workflow and reducing machine
starvation in the manufacturing facility.

2. Problem description
Recognizing orientation of objects is a challenging task due to constant changes in images in the real
world. The most straightforward technique for part orientation recognition is called template matching (2). It
is the process of determining the optimal matching between the same scenes taken at different times or under
different conditions and the template known according to some similarity measure. (26). In other words, the
basic idea is to find a match of the pattern in some part of the landscape image. Normalized Cross
Correlation (NCC) is the most robust correlation measure for determining similarity between points in two or
more images providing an accurate foundation for motion tracking images (17). This technique has been
used on several works. Cole (6) used this technique to reduce the size of a set of images to which new
images were compared. Modegi (31) proposed a structured template matching technique for recognizing
small objects in satellite images. There are other methods of tracking that do not use NCC, including
Gradient Descent Search (GDS) and Active Contour Matching (1).

1

1a.

1b.

1c.

1d.

Fig. 1 Image of the sample part on the assembly conveyor belt, as seen from the overhead camera image. 1a 1b 1c 1d
The templates to be detected on the part to predict its orientation for handling by the robot gripper.

In this work, we want to find a reference image in the target landscape image. When the pattern is found
in the target image, its rotation angle is determined. To evaluate a candidate solution, the measure of
similarity γ between the reference and target landscape image has been proposed. Several similarity
measures have been proposed in the literature, such as mutual information and sum of square of differences
between pixels (2)(6). In this work, we used the relation in equation 1, considering the degree of similarity
between the images.
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In the equation (1), F(x,y) is the landscape image, , is the grey-scale average intensity of the captured
image in the region coincident with the template image, T(x,y) represents the template image and is the
average intensity of the template image. We have to address that the dimensions of the matrix F is MxN and
the size of the template T is mxn. The maximum value of γ is 1, will say that the match between the
landscape and the template is perfect.

3. Proposed Methodology
3.1. Ant Colony Optimization
Ant colony optimization was formalized into a metaheuristic for combinatorial optimization problems by
Dorigo and co-workers [27], [28]. One can find ACO metaheuristic application to real-world applications
mentioned in the literature such as by Price et al. [29], who have applied ACO to an industrial scheduling
problem in an aluminum casting center, and by Bautista and Pereira [18], who successfully applied ACO to
solve an assembly line balancing problem with multiple objectives and constraints between tasks. Our
primary goal in this work is to analyze the manufacturing related application capabilities of ACO, hence in
this first investigation we do not use local search.

3.2. Particle Swarm Optimization
The initial ideas on particle swarms of Kennedy and Eberhart were essentially aimed at producing
computational intelligence by exploiting simple analogues of social interaction, rather than purely individual
cognitive abilities. The first simulations [20] were influenced by Heppner and Grenander’s work [16] and
involved analogues of bird flocks searching for corn. These soon developed [9][10] into a powerful
optimization method— Particle Swarm Optimization (PSO). Because of the characteristics of the flexible
manufacturing environment, PSO needs to be discretized. The PSO was modified in order to improve the
optimization effect. Therefore, an improved discrete PSO (IDPSO) was applied in this case.

4. Results and Comparison
4.1. Improved Discrete Particle Swarm Optimization (IDPSO)
4.1.1 With 150 particles

To implement IDPSO, a population size of 150 particles was chosen to provide sufficient diversity into
the population taking into account the dimensionality and complexity of the problem. This population size
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ensured that the domain was examined in full but at the expense of an increase in execution time. The other
parameters of DPSO and IDPSO were: c1 = c2 = 2.0, ω = 1.2 - 0.8 with linearly decreasing, total iteration =
300 and V ∈ [-3, 3].

Fig. 9. Testing with 150 particles

The average NCC value of the templates obtained in the experiments was .998 or greater in less than
1000 iterations.
4.1.2 With 500 particles

The average NCC value of the templates obtained in the experiments was .998 or greater in less than
1000 iterations.

4.2. Ant Colony Optimization (ACO)
With

Δτ ijk =

ACO

we

chose

the

following

settings

m = 10, β = 2, q0 = 0.98, α = ρ = 0.1 and

Q
.(27)(28) The location of the four templates/markers (Figure 11) by the three algorithms is shown
Lk

in Figure 12. It took an average 8.86 seconds for ACO to find the four templates, and hence the fastest of the
three algorithms. Results showed the limits of robustness of the Bee Colony Algorithm, for different food
sources. When compared with the results obtained by a particle swarm algorithm for the same problem, they
are generally equivalent. The average time taken by ACO, was the closest match to the robot assembly cell
takt time of 9 seconds that would be required to establish a lean workflow and reduce machine starvation at
the manufacturing facility.

Fig. 11. Coordinates of the 4 templates as solved by ACO, BCA and modified PSO

5. Conclusions
In this paper, a variant of Particle Swarm Optimization (PSO) was tested with and Ant Colony Algorithm,
and a combination of different strategies, such as generation of scout bees, varying the number of food
sources, and explosion of stagnated population. The performance of the PSO is good when dealing with
images without scaling factor, but this wasn’t necessary for our particular manufacturing case study scenario.
The choice of algorithms for a manufacturing assembly scenario could vary with the required tact times in
the assembly cell, and the production environment such as vibration, dust etc. It was observed that the
computational cost effectiveness of the PSO varies according to the initial starting point. The algorithm can
still offer good solutions in the presence of noise within reasonable ranges. Future work will focus on
improving the robustness of the algorithm in such situations.
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