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Abstract 

Actual vision systems use various tasks as image processing, 

machine learning, and pattern recognition. A common 

problem with these systems is the parameter tuning. Parameter 

optimization is not a straightforward task and presents a non-

trivial challenge: how to find the best outputs by adjusting 

parameter values. The outcome accuracy is used as an 

important criterion, but the spending time constitutes a serious 

constraint. The solution is to propose methods trending to 

automate the process of parameter optimization. In this paper, 

we suggest an approach based on metaheristics and we study a 

hybrid case by combining of Cuckoo  Search Algorithm 

(CSA) and Genetic Operators (GO). We explain how to 

discrete the parameter space in order to adapt CSA and GO 

and presents a method to optimize parameters automatically. 

Then, experiments on some real examples of quality control 

applications and comparison to other metaheuristic-based 

approaches (PSO, GA, ACO) show the effectiveness of our 

method. 

Keywords : Industrial Vision, Image Processing, 

Optimization, Metaheuristic, Quality Control. 

 

INTRODUCTION 

Image processing used in the quality control domain, consists 

of supervising the basic parameters describing an image 

quality, in order to extract necessary measurements for 

control. The main problem here remains the segmentation 

quality, which affects hardly controls. 

An image processing application involves a succession of 

operators in several levels: low level (filtering, ...), middle 

level (contour detection, the growth of the region, etc.) and 

height level: extraction of relevant informations for decision 

making (recognition, etc.). Algorithms' parameters influence 

the global result. Often, a vision algorithm is proposed for a 

given operation and evaluated without considering application 

context and sometimes tested only on a small number of 

images. The poor results when using different images are 

mainly due to a hastily parameters setting and the lack of 

other algorithms mutuality in a processing chain. With no 

global mathematical model, it would be wiser to work on a 

large base of images to provide a solid statistical model in 

order to significantly identify parameter values. The 

metaheuristics exploit this statistical richness efficiently for 

approximate and satisfactory solutions. 

 

Problematic  

The choice of operators and their parameters require specific 

knowledge, and must be done experimentally due to the lack 

of automatic mechanisms. In spite of vision systems’ diversity 

and the rich library of image processing methods, the user 

intervention in most applications remains necessary.  

Parameter’s tuning is usually made by trial and error and 

algorithms may be adopted after a long series of tests. 

However, this is a complex and time consuming task due to 

the unclear and complex relationship between input 

parameters and the task results. This iterative refinement is 

recognized as a bottleneck in parameter optimization [1][2]: a 

lot of process iterations are required and users rely on memory 

recall to compare current output with previous results. 

Consequently, parameter space is inadequately explored, 

which negatively impacts the quality of output. Few systems 

have succeeded in automating vision applications without 

requiring user's intuition. Early, several studies have been 

done and few authors propose methods such as numerical 

optimization, which apply mathematical or statistical 

techniques to optimize an objective function defined over a 

parameter space [3].  

Operators are either quantitative variables, which may change 

according to a continuous scale or qualitative which is a 

categorical variable that can only assume certain discrete 

values. If the numerical optimization goes for continuous 

variables, it poses a problem for the qualitative ones. The 

outcomes quality is not directly expressed with parameters (in 

a mathematical way). This makes the use of mathematical 

models (formal methods) very difficult if not impossible. To 

meet this difficulty, specialists are moving towards learning 

and optimization through metaheuristics. Thus, to fix 

parameters, some experiments seem necessary. 

Before carrying out all experiments, the experimenter must 

specify some entry conditions: variables number (controllable 
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and uncontrollable), their scope, the number of responses and 

the experimental objective [4]. 

 

 

Figure 1: Design of experiments for computer vision 

applications 

In each experiment there are entries and variables (such as 

thresholds, number of classes, filter size, etc.), some of which 

can be controlled and others can not. The experimenter must 

find variables that affects the result. 

Most of the proposed techniques have not been widely 

adopted for the parameters’ setting problem. This can be 

partly attributed to the lack of application examples in real 

image analysis. It is solved by using learning models [5] [6] 

[7] or optimization models [3] [8] [9] [10] [11]. Visually, with 

different types of parameters and the variety of their values, 

the problem is NP-complex. 

 

Contribution and Outline 

The objective of this work is to provide an adaptive image 

processing application by deploying the artificial intelligence 

(AI) techniques [9][12][7] for solving parameter optimization 

problems. The most important property in distributed AI is the 

cooperation between agents to provide the best solution. So, 

the metaheuristics based on population methods can 

accomplish this role. 

The main contribution of this paper is the proposition of a 

novel model based on CSA (Cuckoo Search Algorithm) 

metaheuristic combined to some aspects of the GA operators 

and adapted to parameter adjustment. In most cases, the study 

of a vision operator concerns a discrete domain of parameters’ 

values so we focalize on reformulation of the standard CSA in 

a discrete way. So, to avoid the continuous variables imposed 

by the CSA, a discretization method is provided.  

The cuckoo search algorithm proposed by Yang and Deb [13] 

[14] is based on Lévy's flight behavior (or any random walk 

model) and on the parasitic behavior of broods. CSA succeeds 

perfectly in optimizing continuous functions [15]; It is now 

revised to solve discret problems, on a case-by-case basis, 

such as the backpack problem and the nursing scheduling 

problem [16] [17]. In our case, optimal parameter values for 

applications in vision systems are found using a discret CSA. 

The GA metaheuristic, is commonly used to generate useful 

solutions for optimization and search problems, often 

employing the natural techniques of evolution, such as 

inheritance, mutation, selection and crossover. GA have been 

shown to perform well in mixed (continuous and discrete) 

combinatorial problems [18]. The selection operator picks two 

parent chromosomes from the population based on their 

fitness to participate in the next operations, crossover and 

mutation. These steps are considered as the most important in 

a GA because they have a positive impact on the overall 

performance. 

Our proposal uses some operators of GA alongside the 

choices generated by Lévy (random walk) in order to increase 

the performance and accelerate the convergence of the CSA 

algorithm. 

 

Paper organization 

The remainder of this paper is organized as follows, Section 2 

gives an overview of related work. In section 3, we formulate 

the problem of parameter optimization relatively to the vision 

tasks. Section 4 describes the proposed approach. The 

experimental results are presented in Section 5 and the 

conclusion is stated in Section 6. 

 

RELATED WORK 

A vision task is a combination of several operators, each 

operator has a multitude of parameters to adjust, but few 

systems have succeeded in automating vision applications 

without requiring user's intuition. 

Taylor in [5] proposed a method based on reinforcement 

learning to monitor parameters in vision applications. 

B.Nikolay and al [19] proposed a method to optimize 

automatically parameters of vision systems for surface 

inspection. This method is based on evolutionary algorithms. 

S.Treuillet and al. [6] proposed a method to adjust parameters 

in an image processing chain based on an experimental 2k-p 

factorial plan applied to a vision system designed for 

measuring the neck ratio of a sugar beet batch. Recently 

L.Franek and X.jiang [20] proposed to use orthogonal plans of 

experiments for parameter learning. They analyze means to 

estimate the optimal parameter setting. In addition, a 

combination of Orthogonal Arrays and Genetic Algorithm is 

used to further improve the performance. However, different 

techniques have been developed on the basis of metaheuristics 

and especially on population approaches.  

In recent years, parameter optimization in image processing is 

supported by artificial intelligence techniques [12], such as 
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multi-agent architecture. I.Qaffo and al. [17] proposed an 

automatic method based on reinforcement learning for object 

recognition. They proposed agents to provide a combination 

of operators and agents to optimize parameters by Q-learning 

in order to extract the object of interest from images. 

Although several exact algorithms (such as dynamic 

programming, branch-and bound and linear programming) 

have shown its promising efficiency for solving Parameter 

Setting Problem, some metaheuristics shown its potential 

promising performance as well. In contrast to early heuristic, a 

population-based metaheuristic uses multiple solutions at the 

time. Exploring the solution space (search space) at multiple 

locations at the time increases the diversity and makes these 

algorithms more robust compared to trajectory-based 

metaheuristics [21] for example. There are many population-

based metaheuristics proposed to solve the optimization 

problems: Genetic Algorithms [22], Ant Colony Optimization 

(ACO) [23] [24] and others like Particle Swarm Optimization 

[25], glowworm swarm optimization (GSO)) or Cuckoo 

Search [26] or Firefly Algorithm [27], etc. In such 

approaches, each individual (agent) in a population start by 

building an approximate solution. With a mechanism of 

interaction and evolution, individuals converge towards the 

optimal solution.  

The works of Yang and al [14], Civicioglu and al [28], 

Rajabioun [29] and Valian and al [30] further confirmed that 

the Cuckoo Search algorithm, in its original or improved 

version, proves to be very effective. The method has been 

successfully tested on a large number of benchmark functions 

of varied dimensions and difficulty levels. 

Since the first appearance of cuckoo search in 2009, we can 

enumerate some variants developed by many researchers [15].  

The Discrete variants are limited on few problems like 

knapsack problem [16] and Transport Salesman Problem 

(TSP) [31]. This indicates that there is no general CS 

discretization, but it is applied case by case. 

For tuning parameter optimization, the CS provides best 

results in some application where the result is expressed 

directly with parameter in continuous function (physics and 

other sciences) [32]. 

Image processing helps to increase flexibility and productivity 

in production factories. Further, it takes a hand in maintenance 

and enhances knowledge about the quality of products. 

Furthermore, it offers the advantage of being able to interfere 

at several levels, for example in [33] authors propose a vision 

system discriming drying methods used in preparing Tarhana 

(a food based on fermented mixture of grain and yoghurt or 

fermented milk which has high nutritional value). An 

evaluation of tarhana quality by assessing the used drying 

method is important for producers and packaging companies. 

There are tree drying methods to prepare Tarhana: sun dried, 

oven dried and microwave dried. An image processing is led 

(figure 2) using learning methods to find an effective system 

for the discrimination between drying methods of tarhana 

using visual texture features with different color components. 

Many operators are tested with o lot of parametres values. 

 

 

Figure 2: Flow chart of the proposed capsule extraction 

method [33] 

 

THE PROPOSED APPROACH 

Problem Formulation 

Problem definition 

A combinatorial optimization problem P=(A,E) can be 

defined as : 

 A set of variables X={x1,…,xm} 

 A set of Domains D1, D2, …, Dm 

 An objective function E to be optimized where : 

E: D1xD2x…xDm  R+ 

The set of all feasible assignments is : 

A= { a={(x1,u1),(x2,u2),…(xm,um)} / ui  Di  satisfies all 

constraints. 

To solve this problem we have to find a solution a*  A 

optimizing de objective function E ( Min E or Max E) 
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Operators and parameters 

To accomplish a vision application, it is necessary to go 

through multiple tasks; each one is a succession of several 

phases (figure 4). Each phase has a set of possible operators. 

A state can be a result of one or several operators. 

 

Figure 3: Possible operators for each phase in a vision task 

 

We may have several combinations of these operators, each 

combination can achieve the considered task, but the output is 

qualitatively different. Let’s consider a task made of several 

phases. Since each phase owns a set of feasible operators, we 

can build (say n) different operator combinations Ck. 

Ck= (Ok
1, Ok

2, ..., Ok
N)  k=1, ..., n. (1) 

With the matlab an edge operator for example, a lot of filters 

can be applied here such as Canny, Sobel, Prewitt,…, each 

one of these filters has a free parameter: the threshold, to 

accept contours formed by pixels higher than a given 

threshold. Figure 4 illustrates contours done with different 

threshold values for a chosen filter (canny). 

 

Figure 4: Canny filter operator with different threshold(th) 

values 

Each operator Oj has mj parameters, then 𝑚 = ∑ 𝑚𝑗
𝑁
𝑗=1  is the 

total number of parameters. We can index all parameters from 

1 to m : p1,…,pm and maintain  correspondence:  

mj parameters for each a operator Oj  

 

State definition 

Let’s consider C=(O1, O2, …, ON) a combination of vision 

operators applied to the input image Iinput, based on figure 3 

we note for a combination C: 

Ioutput = C(Iinput)=(O1, O2, …, ON)(Iinput)  (2) 

Ioutput is the result of applying the combination C on the input 

image Iinput, operators are fixed and the output depends only 

on parameters: 

Ioutput = C[p1,… ,pm](Iinput)             (3) 

To evaluate the result, an objective function is necessary to 

compare qualitatively the outputs Ioutput to a reference Ireference 

led by an expert as a ground truth. The rating calculated by 

this objective function represents the difference between Ioutput  

and Ireference .  

E rr(C) = Difference(Ioutput, Ireference)   (4) 

Since Err variation depends only on parameters, we can write:  

Err(p1, p2, …, pm) = Difference (Ioutput, Ireference) (5) 

Where pi is a parameter taking values in a domain Di. Then, 

we call a state of parameters' values each m-uplet  

(u1, u2, …, um)  D=D1xD2x…xDm. 

Using these notations, the problem is to find a state that 

minimizes the error function (Err) over the domain D.  

The solution is the state (u1*, u2*, …, um*) D, such as 

Err(u1*, u2*, …, um*) is minimal: 

(u1*, u2*, …, um*)=ArgMin(Err(u1, u2, …, um))   (6) 

 (u1, u2, …, um)  D 

 

Resolution 

Our problem is classified as an NP-difficult problem. No 

algorithm until this moment is efficient face such problems. 

The need to quickly find a good solution promotes the 

appearance of rough or stochastic algorithms namely 

metaheuristics [34]. 

In this context, metaheuristics showed their performance for a 

wide variety of optimization problems and have more 

advantages compared to traditional algorithms, such as the 

ability to handle very high levels of complexity, to adapt to 

several categories issues and their application in many areas 

of the real world, starting from operational research, through 
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engineering and artificial intelligence [35], where there is a 

need to optimize the digital functions, and systems containing 

a large number of parameters to manage simultaneously. 

Metaheuristics use strategic research to more effectively 

explore the solution space, and often focus on promising 

areas. These methods start with an initial set of solutions or a 

starting population, and after, they examine step by step a 

sequence of solutions to reach, or approach, the optimal 

solution of the problem. Metaheuristics have several 

advantages over traditional algorithms. The two most 

important advantages are simplicity and flexibility. Several 

examples are cited by Gandomi in [36]. These algorithms are 

very flexible and have the ability to treat problems with 

objective functions of various properties, whether continuous, 

discrete or mixed. Following, we describe a procedure 

employed to solve the parameter adjustment problem. It is a 

metaheuristic applying a variant of CS algorithm with GA 

operators.  

 

METHODOLOGY  

Let’s define 𝑝1, 𝑝2, …, 𝑝m as a set of parameters belonging to 

a vision task. Then, a metric for vision task assessment is 

defined as a quantitatively way to measure how similar a 

vision task outcome is, to a reference output.  

Lower the metric’s value is, the vision task outcome is more 

similar to the reference output. Thus, it is necessary to find the 

set of parameters values related to the minimum value of this 

metric, which will be called 𝑝* according to (6). 

 

Figure 5: Optimization procedure 

 

 

Figure 5 exposes the general methodology for the  parameter 

optimization problem. First, we define an operator 

combination end their parameters. Then, the procedure runs 

iteratively by applying operators on input image and 

calculates outputs that are compared to those expected. If stop 

conditions are not satisfied, the metaheuristic propose new 

parameter values to be used in the next iteration. Many 

metaheuristics could be used; the choice depends on the 

quality of results and response time. In the best cases, the 

metaheuristic provide the optimal parameters by convergence. 

Here, we propose an algorithm based on CS and GA 

metaheuristic. 

 

Genetic Alogithm 

Genetic algorithms (GA) proposed by Holland [37] have been 

used with increasing success in combinatorial optimization. A 

GA operates on a population of individuals encoded by 

symbols called chromosomes. These chains are equipped with 

an evaluation function called fitness function, which 

corresponds to a measure of adaptation to the environment. 

In our case, this measure of adaptation to the environment 

corresponds to the error function (Err) defined in equation (4). 

A GA proceeds by iterations where each iteration consists in 

drawing two parents by a distribution promoting the most 

adapted individuals. A crossover operator then combines the 

two parent chromosomes to construct one or two children, 

which in turn can be randomly modified by a mutation 

operator [38] [39].  

Children are used to build the next generation or directly 

replace individuals in the population. The process is repeated 

until a user-defined stop criterion is verified. The following 

sections present the essential characteristics of GAs: 

chromosomes, their evaluation, crossing methods and 

mutations[40].  

The algorithm is given briefly by the following steps: 

Step 1: A random initial population is generated. 

Step 2: Evaluation of fitness function for each individual in 

the current population. 

Step 3: The predefined stopping criterion is checked. 

Step 4: Reproduction: crossover and mutation are performed 

on the current population to form a new generation; 

Step 5: Steps 2 to 4 will be repeated until the stopping 

criterion is reached. 

 

Cuckoos search algorithm 

Cuckoo Optimization is based on the life of a bird called 

cuckoo. The basis of this novel optimization is Specific 

breeding and egg laying of this bird. Adult cuckoos and eggs 
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used in this modeling. Adult cuckoos lay eggs in other birds’ 

habitat. Those eggs grow and become a mature cuckoo if are 

not fiends and not removed by host birds. Cuckoos are 

fascinating birds, because of their aggressive reproduction 

strategy. 

There are two algorithms based-cuckoo applied for 

Optimization: Cuckoo search algorithm (CSA) and Cuckoo 

Optimization Algorithm (COA). CS was proposed by Yang 

and Deb [13][14] to optimize continuous functions.  Under 

this work, Rajabioun in [29] has developed COA by 

introducing cuckoo groups. 

For simplicity in describing our new Cuckoo Search, we now 

use the following three idealized rules:  

1) Each cuckoo lays one egg at a time, and dump its egg in 

randomly chosen nest; 

 2) The best nests with high quality of eggs will carry over to 

the next generations;  

3) The number of available host nests is fixed, and the egg 

laid by a cuckoo is discovered by the host bird with a 

probability pa ∈ [0, 1].  

In this case, the host bird can either throw the egg away or 

abandon the nest, and build a completely new nest. For 

simplicity, this last assumption can be approximated by the 

fraction pa of the n nests are replaced by new nests (with new 

random solutions). For a minimization problem, the quality or 

fitness of a solution can simply be proportional to the value of 

the objective function. Based on these three rules, the basic 

steps of the Cuckoo Search (CS) can be summarized as the 

pseudocode shown in figure 6. When generating new 

solutions X(t+1) for, say, a cuckoo i, a Lévy flight is 

performed 

X(t+1)i = X(t)i + α ⊕ Lévy(λ)  (7)  

where α > 0 is the step size which should be related to the 

scales of the problem of interests. In most cases, we can use α 

= 1. The above equation is essentially the stochastic equation 

for Random Walk. In general, a random walk is a Markov 

chain whose next status/location only depends on the current 

location (the first term in the above equation) and the 

transition probability (the second term). The product ⊕ means 

entrywise multiplications. 

Lévy(s) ~| s |−λ ,1 < λ ≤ 3,   (8) 

were 1 < λ ≤ 3 is an index. 

In CS, a new position X(t+1) using updated equation (7). 

From an implementation point of view, the generation of Lévy 

flight distributed numbers can be achieved following two 

steps: 

1. The choice of a random direction. 

2. The generation of steps should obey the chosen Lévy 

distribution. 

There are many ways of implementing this, but one of the 

easiest ways is Mantegna algorithm [37] for a symmetric Lévy 

stable distribution. The step length Lévy(s) can be calculated 

[36] by: 

𝐿é𝑣𝑦(𝑠) =
𝑢

|𝑣|1/𝛽     (9) 

where u and v are drawn from normal distributions:  

𝑢  𝑁(0, 𝜎𝑢
2), 𝑣  𝑁(0, 𝜎𝑣

2)  (10) 

 𝜎𝑢 = [
(1+𝛽) sin ( 𝛽/2)

[
1+𝛽

2
]𝛽2

𝛽−1
2

]

1/𝛽

, 𝜎𝑣 = 1  (11) 

Here Γ(z) is Gaussian function and the parameter β in Lévy 

distribution is set as different value according to different 

instances. In general, 1 < β < 3. 

Variance is used to calculate step size of random walk by 

using the following equation: 

𝑠𝑡𝑒𝑝𝑠𝑖𝑧𝑒 = (0.01(
𝑢

|𝑣|
1
𝛽

)(𝑋(𝑡)𝑖 −  𝑋𝑏𝑒𝑠𝑡))           (12) 

Here 0.01 factor for controlling step of cuckoo step, X (t) i is 
the current solution of cuckoo i at iteration t, 𝑿𝒃𝒆𝒔𝒕 is the 

global best solution.  

Then, the update equation will be: 

 

X(t+1)i = X(t)i + stepsize   (13)  

 
Figure 6:  Pseudo code for Cuckoo Search with Lévy flight 

 

The use of cuckoo search is due to the following properties: 

- CS is a population-based algorithm. The entry wise 

product is similar to PSO, but random walk via Lévy flight is 

more efficient in discovering the search space as its step 

length is much longer in the lengthy execution. 

- The number of parameters tuned is much less than 

GA, PSO and ACO and hence, it is potentially more suitable 

for a wide class of the optimization procedures. 
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Description of the proposed Discrete CS combined to GA 

In our case, parameter domains are discrete and some are non-

digital. Obviously, we cannot use directly the standard version 

of CSA designed for continuous domains. Several studies on 

particular applications, have discrete formulations of CS 

(DCS) and designed for a particular problem TSP [26].  

By this idea, our approach defines a domain as a set of states 

with an order on objective function values. We present also 

some operations with position and Random Walk function 

such as addition, subtraction. A distance is defined to be 

utilized with physical neighborhoods.  

By these concepts, we propose a discrete CS model based on 

following definitions: 

- D=D1*D2*…*DM  as a set of states (search space).  

Each M-uplet x=(u1, u2, …, uM) is a state. 

- Objective function Err is discrete and numerical with 

an order on states:  

Err(x)>= Err(x’) or Err(x’) >= Err(x) 

- Eggs of cuckoos are states  

- Domain representation: each value in the domain can 

be represented by its relative location. These locations are 

fixed in some convention. 

The model is illustrated in Figure 7: 

 

Figure 7: Space State Presentation 

 

The representation of a domain can be expressed in many 

ways to facilitate the operator’s definition on states. We give 

here one of these representations: 

A domain Dj={u1j,…,ukj,…, unj} is ordered from 1 to nj, nj=|Dj|.  

Each value has a location in the domain and then two 

reciprocal functions Rank and Value are defined: 

R(ukj)=k, the rank of the value ukj in Dj ,   (k=1,…nj) 

ukj = V(k), the value in Dj corresponding to the rank k.  

Example: 

Dj={v1,v2,v3,v4,v5} 

R(vi)=i  and   Value(i)=vi , i=1,…,5 

Since the Lévy Flight uses numerical operations, the values of 

a categorical (not numerical) parameter will be represented by 

their ranks. 

 

The update functions 

Since the DCS problem claims to define positions discretely 

and updates them using random walk, we describe bellow our 

proposition. 

 

dd/subtract operators: 

 To add (or substract) two values at rank k and k’ we simply 

move to the rank k+k’ (or k-k’) and the result is the value 

corresponding to rank k+k’ (or k-k’). Since Dj has a limited 

size |Dj|,  k+k’ is calculated modulo |Dj|.  

We note:  

X=(u1, u2,…, um) and X’=(u’1, u’2,…, u’m),  

the addition operator can be defined as: 

X+X’ = (V(R(u1)+R(u’1)), V(R(u2)+R(u’2)),…, 
V(R(uM)+R(u’m))) 

and the substraction  operator can be defined as: 

X-X’ = (V(R(u1)-R(u’1)), V(R(u2)-R(u’2)), …, V(R(uM)-R(u’m))) 

 

Rank update: Discretization of levy’s stepsize 

The solution space must support a notion of step to move from 

one state to another. 

We operate on ranks; so the step unit is 1 and the move can be 

accomplished in k steps. For each parameter, we have to 

calculate the number of steps relatively to Lévy flight value. 

To facilitate control of these steps via the Levy flights, we 

combine a range between 0 and 1 with step number. 

According to the value received by the Levy flights (stepsize 

provided by equation 15) in this range we can choose the 

appropriate stride length. 

For a parameter with n values; we define d = (1 / n ), and k in 

{1, . . . , n}.  

If the Lévy Stepsize (L.S)  in [(k − 1) × d, k × d[ then, the step 

number = k, 

For example, if n = 5, then d = 0.2 and our interval is divided 

in 5 parts (Table 1.) 
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Table 1: k values for n=5 and d=0.2 

L.S in [0, 1.d[ [1×d, 2d[ [2d, 3d[ [3d, 4d[ [4d, 5d[ 

n=5;d=0.2 [0, 0.2[ [0.2, 0.4[ [0.4, 0.6[ [0.6, 0.8[ [0.8, 1[ 

k 1 2 3 4 5 

 

To update the uj rank, we use the above table to extact the 

number step kj : 

R(u(t+1)j) = R(u (t)j) + kj 

Then: 

R(Xt+1) = R(Xt) + K; K=(k1,…,km) 

We obtain the update position by the inverse function: 

Xt+1 = V(R(Xt+1)    (18) 

Representation: A chromosome consists of genes that 

represent the parameters. A gene codes in binary a rank 

corresponding t parameter value.  

Gene1 

(Parameter1) 

…. Genei…. 

(Parameteri) 

Genem 

(Parameterm) 

 

Let Binary(R(u)) the rank binary code.  

Then, for the above example (Dj={v1,v2,v3,v4,v5}, R(vi)=i),   

Binary(R(v1)) =001, …, Binary(R(v5))=101  

If X=(u1,u2,…,um) then, the ranks: 

R(X)=(R(u1),R(u2),…R(um)) are represented by the 

chromosome: 

 

Binary(R(u1)) … Bianry(Rank(um)) 

In the following, the used GA operators of the proposed 

algorithm are presented in the next paragraph. 

 

Crossever operator: 

p1 … pm 

01010101 00110011 11100011 

  

Corossover point 

  

 

The crossover point  is fixed within a parmater in order to 

modify the correspondant value. 

 

 

 

 

Parent1 

01010101 00110011 11100011 

Parent2 

11001100 11111111 10000001 

 

 
child1 

01001101 00110011 11100011 

Child2 

11010100 11111111 10000001 

 

Figure 8: A pair of string with m genes before and after the 

crossover operator 

 

The mutation operator: 

Mutation rates can be anywhere between 1 in every 10 

offspring, or 1 in every 100. Many types of mutations can be 

adopted. For example, in “Scramble Mutation”, we choose 

two random points (i.e.; positions 5 and 8) and “scramble”  

the genes located between them: 

 

Parent 

01010101 00110011 11100011 

Offspring 

01010101 00111100 11100011 

 

In order to modify several parameters in a time,  one uses 

GA Mutation operator on this parameters simultanely  as in 

the example: 

Parent 

01010101 00110011 11100011 

Offspring 
01010101 00111100 11001011 

Figure 9: A pair of string with m genes before and after the 

offspring operator 
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Figure 10: The general procedure of the CSA-GA for 

optimizing computer vision parameters 

 

Experiments 

In the previous section the novel DCSGA approach is 

described, the problem of choosing optimal operators and 

the optimal values of their parameters in a vision task is 

solved. The approach we presented in theory is applicable to 

any vision task that needs operators’ selection or 

parameters’ adjustment or both of them. In this section our 

approach is tested on two different tasks of image 

processing, first one is about contour detection of natural 

objects and second one is about text recognition and aspect 

inspection related to tickets label on industrial products. 

The experiment is conducted on a dataset from Berkeley 

database [40] of natural images. A processing task 

composed of several operators is proposed. To implement 

the system, the first step is to fix possible operators and 

possible values of their parameters. Then, the system runs in 

three phases (Figure 12). 

 

 

 

Phases, operators and parameters  

The task of contour detection allows identifying areas, of a 

digital image, corresponding to a brutal change in light 

intensity. It significantly reduces data quantity and 

eliminates the information judged less relevant, while 

preserving the important structural properties of the image, 

in order to extract some data such as measurements. This 

task is made of three phases of treatment (Figure 11), firstly 

a pre-processing phase is necessary to remove any noise 

from the image, then processing phase would take place to 

determine object contours, a post-processing phase will go 

after, to delete small and insignificant contours. The 

comparison uses references images led by human 

segmentation for Berkeley database images. 

 

Figure 11: Ttreatment phases of a contour task 

The three phases cited in figure bellow (figure 11) are 

consecutive, the order is very important here since the result 

of each phase constitute an input for the upcoming phase. 

The result of pre-processing phase is an improved image, on 

the quality side, three filters are proposed to accomplish this 

first phase. Cvsm (Meanshif), Medfilt2 and wiener2. 

Meanshift (named cvsm in our experiment) is a nonlinear 

filter, replaces each pixel with the mean of the pixels in a 

range-r neighborhood and whose value is within a 

distance d, this filter has three parameters to be adjusted: 

The spatial window radius (sp), The color window radius 

(sr) and Maximum level of the pyramid for the 

segmentation. In this experiment we consider that sp is equal 

to sr. Wiener2 is an adaptive noise-removal filtering; it uses 

a pixel wise adaptive wiener method based on statistics 

estimated from a local neighbourhood of each pixel. Medfilt 

2 performs median filtering of the matrix A in two 

dimensions. Each output pixel contains the median value in 

a 3-by-3 neighborhood. Figure 12 shows adjustable 

parameters for each filter. 

Images

Pre-
processing

Processing

Post-
processing

Results
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Figure 12: Input possible values of defined operator’s parameters 

The improved image resulting from pre-processing phase 

constitute the input image of processing phase, which would 

be working on contours detection using the operator “edge” 

predefined in Matlab. Figure 12 illustrate adjustable 

parameters for this operator, which are filter type and 

threshold value, with a range of their possible values. 

The image resulting from processing phase needs to be 

refined in post processing phase, this could be done by 

deleting small objects from the image. The operator 

“bwareaopen” is  

proposed to be used in this phase, which is a morphological 

operator removing from a binary image all objects that have 

connectivity inferior than a predefined threshold. Figure 12 

englobes all input values for operators of this vision task and 

their parameters. 

 

Objective function 

The objective function, called also error function, depends 

essentially on the kind of optimization problem. In this case, 

for contour detection task, many adapted objective functions 

are possible. The error should indicate how good the input 

image segmentation is, in comparison to the reference 

image. In general, to compare two images, we use the MSE 

(Mean Square Error). It measures the average of errors 

squares that is the difference between the estimator and what 

is estimated, it is defined by: 

𝑀𝑆𝐸 =
1

𝐿∗𝐶
∑ ∑ (𝑂𝑖,𝑗 − 𝐷𝑖,𝑗)2𝐶

𝑗=1
𝐿
𝑖=1   (14) 

Where L represents rows’ number and C is column number. 

In our case, O is the reference image and D is the segmented 

image.  

Segmentation quality can also be measured using means to 

PSNR between the reference image and the segmented 

image.  The value of PSNR is computed in dB using: 

𝑃𝑆𝑁𝑅 = 10𝐿𝑜𝑔10
(𝑀𝑎𝑥𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦)2

𝑀𝑆𝐸
            (15) 

An other measure is also possible, SSIM (Structural 

Similarity Index Measure), to compare segmented images to 

the reference image: 

𝑆𝑆𝐼𝑀 =
(2𝜇

𝑥
𝜇

𝑦
+𝐶

1
)(2𝜎

𝑥𝑦
+𝐶

2
)

(𝜇
2𝑥

+𝜇
2𝑦

+𝐶
1

)(𝜎
2𝑥

+𝜎
2𝑦

+𝐶
2

)
       (16) 

where μx, μy, σx, σy, and σxy are the local means, standard 

deviations, and cross-covariance for images x, y. C1 and C2 

are constants. 

Since the result images are only white and black pixels, we 

can compute the error function using the confusion matrix 

for a two-class classifier.  Several standard indicators have 

been defined for the two-class matrix; the one used in this 

work is the accuracy, which represents proportion of 

predictions total number that were correct. It is determined 

using the equation: 

𝐴𝑐𝑐 =  
𝑡𝑝+ 𝑡𝑛

𝑡𝑝+ 𝑡𝑛+ 𝑓𝑝+ 𝑓𝑛
       (17) 

Where tp (true positive) represents white pixels well 

classified (contours), tn (true negative) represents dark pixels 

well classified, fp (false positive) represents contours 

misclassified and fn (false negative) represents dark pixels 

misclassified.  

The F-measure is mainly used in the boundary-based 

evaluation [34]. Specifically, a precision-recall framework is 

introduced to compute this measure. Precision is the fraction 

of true positives detection rather than false positives, while 

recall is the fraction of true positives detected rather than 

missed. 

Precision:     𝑃 =
𝑡𝑝

𝑡𝑝+𝑓𝑝
 

Recall:  𝑅 =
𝑡𝑝

𝑡𝑝+𝑓𝑛
 

F − measure =
𝑃∗𝑅

𝛼∗𝑅+(1−𝛼)∗𝑃
  (18) 
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where  is a relative cost between precision (P) and recall 

(R), it is set to 0.5 in the experiment. 

We are comparing, in this work, contour pixels found using 

ADCS approach to those in the reference image using two 

different measures for comparison. The error considered in 

this work is: 

Err = 1- Acc or Err= 1-SSIM  (19) 

We, also, observe MSE (for binary images, 1-Acc is equal to 

MSE), the PSNR and F-measure evolution. For each 

operators’ combination i, applying DACS approach provides 

the best parameter values with the minimum error value.  

Err (Ci) = min (𝐸𝑟𝑟𝐶𝑖(𝑝1 , … , 𝑝𝑚))

(𝑝𝑗)
  

In the example above, we can enumerate six operators’ 

combinations and the best combination realizes the 

minimum:  min 𝐸𝑟𝑟∗(𝐶𝑖)
𝑖

 

RESULTS AND DISCUSSION 

The experiment was conducted on a dataset of natural 

images from Berkeley database. Parameters’ values are 

defined and then the GA-DCSA model is applied. Figure 13 

reveal an image from Berkeley database with its reference 

done by experts in addition to GA-DCSA approach result, in 

the same figure different plots of the objective function and 

other quality measures are illustrated, pointing error rate 

evolution for each possible operators’ combination. The 

optimal one and the best parameters’ values, is synonymous 

to the minimal error. Curves in Figure 13 clearly show 

optimal operators’ combination. Figure 14 display random 

images used in this experience, and an error rate evolution 

plot of optimal operator’s combination and their best 

parameters based on MSE for both. 

 

 
(a) 

 
(b) 

 
(c) 

(d) 

 

(e) 

 
(f) 

 

(g) 

 
Figure 13: (a) An image from Berkeley database, (b) its reference done by experts, (c)  GA-DCSA approach result, (d) Evolution of SSIM 

measure for each operator’s combination (e) Evolution of  PSNR measure for each operator’s combination, (f) Evolution of FMesure measure 

for each operator’s combination, (g) Error evolution Fitness (Err) for each operator’s combination based on SSIM measure.  
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                           a     b             c   d 

Figure 14: Images from Berkeley database: a) original image of Berkeley database b) Expert segmentation c) GA-DCSA 

algorithm results d) Fitness (Error) evolution for best operators’ combinations. 

 

The proposed method achieves good results with a small error 

rate, more iteration number is important more results quality 

is good. 

We note that the best results from Berkeley database are 

obtained with combinations using “Cannu” operator. This 

indicates the importance of this operator in natural image 

segmentation.  

To furthermore attest efficiency of GA-DCSA approach, we 

use the Berkeley database, keeping the same experimental 

setup described above. Results obtained with the approach 

proposed in this work, the Combined Cukoo Search 

Algorithm and Genetic algorithm approach, are confronted to 

different approaches established in our previous works as Ant 

Colony Optimization approach [24], and the Novel Adaptive 

Discrete Cukoo Search Algorithm (ADCS) [41]. Figure 15 

shows the error rates obtained by the proposed GA-DCSA 

approach with contrast to other techniques presented above, 

only results of 30 images choosen randomly are presented for 

figure clarity 
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Figure 15: Bar plot of test error with different methods. GA-

DCS stands for Genetic algorithm combined to Discrete 

Cuckoo Search Optimization method proposed in this 

research, ACO denotes Ant Colony Optimization, and ADCS 

is Adaptive Discret Cuckoo Search. 

 

Experimental results of optimal parameters specifically error 

rate, obtained by the proposed GA-DCSA algorithm are 

compared with the ant colony optimization approach, and the 

ADCS. The proposed DCS approach obtains best results on 

the majority of test images, while ACO approach gives very 

close error values to first approach.  

 

CONCLUSION 

Choosing the appropriate operators to apply, and then 

adjusting their parameter values to accomplish a vision task is 

a very big challenge for users. In this work, we presented an 

automated method to optimize parameters values of image 

processing algorithms in quality control, our system procceds 

automatically to decide which operator is the most appropriate 

to use, and adjust automatically values of its free parameters. 

We suggested  novel update functions for our DCSA 

definition. Our system is intended to have a better precision of 

measurements. 

In practice, we supply a set of parameters to which we provide 

a range of values, with the help of the CSA we apply our 

approach on a specimen of test, which demonstrated the 

performance of the proposed procedure. 
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