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Abstract. The world is getting increasingly complex and we are becoming more and more depending on man-made systems and environments. Failures and lack of function may have increasing consequences to an increasing number of people. In many areas pressure on cost or use of resources is growing. This is a challenge to every organization – how can available resources be used in an effective way. In this situation maintenance optimization is an ever-present issue. In this paper, an optimized maintenance policy for multi state system is presented. Metaheuristics are used as optimisation tools, and the Universal Generating Function and proportional hazard model in system behaviour modelling. 
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1  Introduction

Some of major expenses incurred by industry relate to the replacements and repairs of manufacturing machinery in production processes. The preventive maintenance is a main approach adopted to reduce theses costs. In fact, Preventive maintenance (PM) consists of a set of technical, administrative and management actions to decrease the component ages in order to improve the availability (and the reliability) of a system (reduction of probability failure or the degradation level of a system’s component). These actions can be characterized by their effects on the component age: the component becomes “as good as new”, the component age is reduced, or the state of the component is lightly affected only to ensure its necessary operating conditions, the component remaining appears to be “as bad as old”. The optimization of preventive maintenance policies become a privilege subject to study. Samrout et al. (2005a) used the ant colony system to determine “optimal” times to preventively maintain the system. The preventive action consists of only replacements. Wang et al. (1997) represented an algorithm of decision making about replacement scheduling of a system’s main component by pursuing a maximal system profit. Tsai et al. [21] used Genetic Algorithms (GA) to decide optimal activities-combination which maximizes system unit cost life. This procedure becomes complex when the number of system’s components increases.

Recently, the use of hybrid metaheuristic algorithms becomes a privilege technique in the optimization domain. Wang et al. [23] proposed an effective hybrid genetic algorithm (HGA) for permutation flow shop scheduling with limited buffers. In the HGA, not only multiple genetic operators based on evolutionary mechanism are used simultaneously in hybrid sense, but also a neighbourhood structure based on graph model is employed to enhance the local search, so that the exploration and exploitation abilities can be well balanced. Russell et al. [16] presents a two-stage hybrid algorithm for pickup and delivery vehicle routing problems with time windows and multiple vehicles (PDPTW). The first stage uses a simple simulated annealing algorithm to decrease the number of routes, while the second stage uses large neighbourhood search (LNS) to decrease total travel cost. Hybrid genetic algorithms have been employed in [8] to efficiently obtain an optimal expansion for a proposed multi-criteria and multistage competence set model.

In the other hand maintenance optimisation doesn’t consist only in optimizing the solution research technique, but the evaluation of this solution to. This optimization process can take different ways, it can be made by adding features and conditions which make this PM policy more realistic i.e. taking into consideration working conditions, the production schedule of the industry, perfect and imperfect actions (Kaabi et al. [4]), (Pascual [13]), (Ruiz et al.[15])…

In spite of that corrective maintenance has a direct influence on the component, it was not sufficiently studied. Dedopoulos et al. [2] have developed a method to determine the optimal number of preventive maintenance activities to be scheduled within a time horizon for a single unit working in a continuous mode of operation characterized by an increasing failure rate. Only the corrective maintenance (CM) cost is considered. The same issue is repeated with Park et al. [10] when they tried to minimize the cost of a periodic maintenance policy of a system subject to slow degradation. Levitin et al. [7]. Zhao [24] and Hsu [3] have considered the CM as a minimum failure while they were proposing their optimized PM policies.

In this paper we propose to use a hybrid algorithm, ant colony system and genetic algorithms (based on co-evolution) to optimize the solution which consists of finding intervention times and the appropriated maintenance actions leading thus to minimize the maintenance policy’s cost while respecting the reliability constraint. Obtained times and actions will be later evaluated via the found solution cost and its applicability. This evaluation will contribute to the evolution of the criterion choices of the two algorithms mentioned above. The hybrid algorithm will evolve its own criterion choices iteration after iteration.

Also, this paper proposes to optimize the evaluation of the found solution by taking into consideration the effect of corrective maintenance. Proportional hazard model and universal generating function are used to model the effect of CM on the general maintenance policy.

 In fact, Kumar et al. [6] review the existing literature on the proportional hazard model. At first, the characteristics of the method are explained and its importance in reliability analysis is presented. In order to determine economical maintenance intervals, Percy et al. [12] investigate two principal types of general model, which have wider applicability. The first considers fixed PM intervals and is based on the delayed alternating renewal process. The second is adaptable, allowing variable PM intervals, and is based on proportional hazards. Martorell et al. [10] have presented a new age dependent reliability model which includes parameters related to surveillance and maintenance effectiveness and working conditions of the components. The accelerated life model and proportional hazard model have been considered as a tool to introduce the above factors into the reliability model. Kumar et al. [5] have used the proportional hazard model and TTT-plotting in order to plan an optimal maintenance under age replacement policy.

This introduction is followed by four sections which present successively the propose hybrid algorithm, the solution’s evaluation, the case study and finally a conclusion.
2  The Proposed Hybrid Algorithm

A good maintenance policy offers the ability of choosing the best action’s combination leading to the minimum policy cost while respecting reliability (availability). The cost is generated by the sum of actions’ combination and the one generated by the corrective maintenance.  However, one may notice that testing all possible actions for each component at each time take an enormous time even when using the ant colony system (ACS1) like a research technique as in Samrout et al. [17]. As a solution, we propose to use a hybrid algorithm (as in co-evolution), so the ACS1 is used to search best maintenance dates while the genetic algorithms will be used to find the best action’s combination. The use of co-evolution is induced by the fact that ACS1 can not improve efficiently the global problem (actions and times choices). The use of genetic algorithms as a research technique in the second part of the problem (actions combination) is imposed by the fact that we don’t have a previous idea about the shape of good solutions. The use of an ACS1 in such a case wouldn’t offer any fruitful results. 

In each iteration, the ants will give a list of possible maintenance times for the system components. For all of those solutions an arbitrary initial action combination is associated. This arbitrary action combination is the same for all of the ants’ solutions. Once the evaluation of the global solution (times and actions) is over, the best solution is than treated by GA in an attempt to optimize the action’s combination. Note that the evaluation of the global solution consists of calculating its cost and whether it respects or not the reliability constraint (fig. 1.). The method encoding will be as following:

· Set all parameters and initialize the pheromone trails

· Loop

· Sub-Loop

· Generate an ant based on the state transition rule

· Continue until all ants in the colony have been generated

· Evaluate all ants in the colony, rank them and record the best feasible one

· Choose the best solution

· Launch the GA

· Apply the pheromone updating rule
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Continue until a stopping criterion is reached

Fig. 1. The proposed hybrid algorithm

2.1  Use of Ant Colony in Preventive Maintenance Domain

Based on the concept of Ant Colony Optimisation (ACO), Samrout et al. [17] proposed three algorithms to replace GA developed in Bris et al. [1]. 

2.1.1  Resolution Procedure 

Each component has a list of possible intervention times. Those times are randomly generated in an interval [LB, UB] (see figure 2) according to a uniform distribution (LB is the lower bound and UB the upper bound). Each time is a potential solution e.g. a potential intervention time.

Each ant k builds a solution to solve this problem while moving of a list to another so as to all visit them. Each time that an ant moves of a list to following, it will sweep the latter to seek best time corresponding for the component in question. Selected time is put in a taboo list so that the other ants do not choose it any more thus making it possible to diversify research in the possible solutions space. During an iteration t, each ant k=1…m carries out a tour Tk(t). This tour is a vector of possible times to make preventive maintenance to the system’s elements. The number of the elements of this vector is the number of the elements which we seek to determine the intervention dates.
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Fig. 2. Component list
2.1.2  Stop and Evaluation Criteria 

All the tours, possible solutions, built by the ants are evaluated. The evaluation criterion takes account of feasibility, the cost and the availability of each turn. The stop criterion does not depend only on iterations numbers, but still on the solution’s amelioration rate. If this solution, after a given number of iterations, is not improving N consecutive times the resolution stops.
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Fig. 3. Example of solution’s construction (2 ants and 3 elements)

2.1.3  Ant Colony Overview 

The overview of the method is as follows:

· Set all parameters and initialize the pheromone trails

· Loop

· Sub-Loop

· Generate an ant based on the state transition rule

· Continue until all ants in the colony have been generated

· Evaluate all ants in the colony, rank them and record the best feasible one

· Apply the pheromone updating rule
· Continue until a stopping criterion is reach

2.2  Genetic Algorithms 

Genetic algorithms are one of the more used meta-heuristic techniques in optimization. They apply natural selection on chromosomal representation of solutions of a given problem in order to optimize it (the problem or the function to be optimized can be considered as an adaptation measure). GA have been used in several domains because of their robustness, efficiency and generality.

This one refers to capability of GA to deal with several kinds of problems by using minimal a priori information. It is hence very interesting to use them in order to optimize the cost function linked to actions because this function is time variable. In other words, the function to be optimized is given by f(x)+g(x,y). ACO can robustly optimize the function f since it is a well known function (visibility matrix is known). However, they can not do so with g since this one changes every time ACO optimize x in f. Hence GA are useful here because they do not require lot of information about the problem.

Given a problem, GA apply crossover and mutation operators in order to evolve a population of candidate solutions. There are many types of GA depending on which problem to be solved (constraints over variables) and variables types. In the studied problem, solutions are combinations of some actions, in order to optimize cost computation, we do not use binary. We use instead integer coding such every gene can have one value in actions list.

This leads to the following genetic operators:

· Crossover combines two chromosomes by choosing a random cut point and copying left information of “parent 1” to the left part of “son 1” and the right part of “parent 2” to the right side of “son 2” as in figure 4. It is applied with a probability pc;

· Mutation introduces small modifications on chromosomes in order to maintain the diversity among the population. This can be considered as local search feature which is added to the crossover operator. However unlike binary coding, each gene can be mutated to a random action which is not equal to the first. It is applied with a probability pm which indicates the probability to change a given symbol in the solution simple mutation scheme which consists to modify every symbol of a genome with a probability pm.

The problem we are solving considers a function which evolves with time. Indeed, each time the ACO improves the dates, the evaluation function of the genetic part changes. This is called dynamic fitness evolution. In genetic algorithms community, this optimization refers to a co-evolutionary process that is many parallel genetic algorithms are executed in parallel in order to optimize the same function. However the evaluation of a solution in one population may depend on the state of evolution of the others.

Potter and De Jong [14] introduced the CCGA-1 (Cooperative Co-evolutionary GA) model in which each of the genetic algorithms evolves a part of the solution. As a result the genetic algorithm is more powerful and can converge faster than the simple version. This is especially true when we consider large-scale problems and when variables are not very dependent. This improvement has been applied on many problems like machine learning [13], self-adaptation in genetic algorithms [9], etc.

In CCGA-1, the problem is how to evaluate a part of solution. Suppose we are using two genetic algorithms. In the beginning, part of solutions in the first GA are evaluated by considering one part of solution (selected randomly) from the second one. After that each solution in both GA is evaluated by considering the best part of solution of the other population. Potter and De Jong proposed also to use other kinds of evaluation such as considering the best part of solution and a random selected one and establishing an average of fitness.

The developed approach is similar to this issue. In fact it considers two different evolutionary algorithms which evolve two parts of the solution. The first one which is ACO is used because it has been shown that it is faster than genetic algorithms in optimizing maintenance dates. This is due to the fact that the optimized function is well known hence a priori information can be included in the information matrix. Nevertheless the second function to be optimized will vary each time the ACO improves the dates. Hence genetic algorithms are more adapted to be used because they require less a priori information about the problem. It is really interesting to study such combination since these techniques have not necessarily the same behaviour. 

3  Solution’s Evaluation

The algorithm described above provides solutions which consist of maintenance times and the type of this maintenance e.g. the action’s choice. A good evaluation of found solutions would help to find the best one which respects reliability constraints and minimize the cost function in the same time.

3.1  Component’s Reliability Estimation 

As we have already said in the introduction, In spite of that corrective maintenance has a direct influence on the component, it was not sufficiently studied.In this paper, the proportional hazard model is used to introduce the CM factor into the component’s reliability and consequently as a decisive parameter in component’s reliability estimation.

In fact the “proportional hazard model” (PHM) is introduced for the first time in 1972 by Dr. Cox. He aimed to consider the effects of different covariates which influence times of component’s failure. Generally the application of the PHM is limited by the case where one treats the replacement of the component by another at the time of repair (as good as new). In PHM, the failure rate of a component is considered as the product of an initial failure rate depending only on time and a positive function φ (z). This function reflects the influence of these factors by incorporating covariates which represent them. Thus: 

	h (t,Q)= h0(t)* φ(Q : β )
	(1)


Let Q be an n×1 vector that contains n covariates which represent the influential factors. β is a n×1 vector of regression coefficients corresponding to those factors. 
Since we only consider the effect of the corrective maintenance (CM), the reliability of each component is thus calculated as following:
[image: image28.wmf]å

å

=

=

=

N

j

i

j

N

j

j

i

i

j

CM

m

T

t

t

T

I

1

1

*

'


	R0(t)=exp
[image: image1.wmf]0

0

()

t

hxdx

éù

-

êú

ëû

ò


	(2)



[image: image2.wmf]0

h

: the baseline hazard function;


[image: image3.wmf]CM

Q

: the variable which designs the covariate representing the CM;


[image: image4.wmf]CM

b

: the factor which defines the CM effect.

3.1.1  β’s Estimation Model 
Let Tp denote the time interval between two preventive maintenance actions. In this interval of time, only two kinds of failures are considered. The type 1 is a total failure (catastrophic) and a type 2 is a failure which can be repaired by a simple action. When a failure takes place, it will be a failure of  type 1 with a p(t)  probability  (i.e. probability of failure 1 knowing that the component is failed) and  of type 2 with  a probability  of q(t)=1-p(t). In another term, the probability of failure of type 1 is pe1(t) = p(t)* pe(t) and qe2(t) =(1-p(t)). pe(t) is the type 2 failure probability; pe(t) is the failure probability.

Since the  failure of type 1  is repaired by a replacement and the failure of type 2 is  repaired by a simple action, one can simply concludes that replacement will take place with a probability p(t).pe(t) whereas the simple repair action will take place with a probability of qe2(t) =(1-p(t)). pe(t). Note that those two actions only make the aged component younger by a given improvement factor. This factor is called age reduction coefficient to. Here, the improvement factors, mimp, mpar associated to a simple repair act and replacement can take respectively the values of 1 and 0.

Let mCM(t) denote the expected improvement factor of the corrective maintenance at time t, it would be calculated as following [20] :

	pe(t).[p(t) 1-p(t)].[mpar mimp]T =pe(t).( p(t).mpar+(1-p(t)).mimp)
	(3)


p(t) should be chosen in a way that allow to p(t) to approach to 1 as much as the component importance increases and decreases (approach to 0) as much as its importance decreases. p(t) must vary between 0 and 1 to; it would be formulated as following  [20]:
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	(4)


Cj: the maintenance action’s cost applied on the jth component.

IFj(t): the Birnbaum importance factor of the jth component at time t.

To balance the relative influence of Cj and IFj(t), we standardize the cost by reporting it with a maximum value Cmax.

The preceding equation makes it possible to take in consideration that the action taken in a corrective maintenance may vary between the action leading to an “as good as new” state and an “as bad as old” one. 

Let Xj+1 denote the j+1th time to failure, Xi+1 can be formulated as following:
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R(t): the component reliability;

Tp: time to preventive maintenance action;

t0( j): component age after the jth corrective maintenance action

If a CM is performed, the age reduction concept assumes that the effective age Xj is reduced to t0( j) = mCM( j).Xj. During the second interval to CM, the portion of the effective age consumed is:
t0( j) = mCM( j). (
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The improvement by the second CM action does not affect the last t0, which is the proportion of the effective age permanently consumed as a result of cumulative damage and environmental effects during the last interval [21].

Thus, we will be not only to able the known number of CM actions taken during a period Tp but their efficiency too. 

The factor β is by definition the factor which reflects the influence of its associated covariate. In our research, covariant is not other than the corrective maintenance. The influence of corrective maintenance can be resumed by the improvement factor mCM(t). Meanwhile, the corrective action time when it was applied has a great importance. That is to say:
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	(6)


tj: the time when the jth CM action is made. It is equal to Xj;

Ti: the time chosen to make the preventive maintenance for the ith component;

N: the total number of corrective maintenance;

mCM: the improvement factor for the jth CM action.

However,
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of terms will be equal to 1, the formula will be then:
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β must reflect the corrective maintenance impact on reliability. In fact, as much as 
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 is small, the improvement factor is more important, thus reliability must be larger. Knowing that ZMC = -1 (improvement factor), consequently 
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3.1.2  Multi-State Reliability Estimation Based On a Universal Moment Generating Function

The procedure used in this paper for the reliability assessment of a multi-state system is based on the universal moment generating function technique (u-transform). A detailed description of this method is presented in [7]. A brief introduction to the technique is given here.

Consider single elements with total failures. Since each element j has nominal performance Gj and reliability rj(t), we have:
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Where X designates the state of this single component. The u-function of such element has only two terms and can be defined at time t as:
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To obtain the u-function of a subsystem containing a number of elements, composition operators are introduced. These operators determine the polynomial U(z) for a group of elements connected in parallel and in series, respectively, using simple algebraic operations on the individual u-functions of elements. All the composition operators take the form [7]:
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The function w(.) above expresses the entire performance rate of a subsystem consisting of two elements connected in parallel or in series in terms of the individual performance rates of the elements. The definition of the function w(.) strictly depends on the physical nature of system performance measure and on the nature of the interactions of system elements.

In this paper, we consider that the total capacity of elements connected in parallel is equal to the sum of the capacities of its elements. Therefore:
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When the components are connected in series, the element with the least capacity becomes the bottleneck of the system. Therefore for a pair of elements connected in series: 
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. Consequently applying composition operators, we can obtain the u-function of the entire system with the general form: 
U(z) = 
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where the variable X has K possible values. Generally, the definition of multi-state system reliability is defined as R(t,G0)=Pr{Gsys(t)≥ G0}[7], where Gsys(t) is the output performance of the system at time t and  G0 is the required performance i.e. the demand. Therefore, the reliability can be calculated as following: 

	R(t,G0) =
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3.1.3  Overview of the System Reliability Calculus Method 

The overview of the method is as follows:

Step 1. Let  Nc be the total component’s number, i=1, i is the component number.

Step 2. S=0, S is a variable.
Step 3. Calculate X, the time to failure by applying the equation (7), S=S+X1;

Step 4. If  S > Ti (Ti is the preventive maintenance date), 

Step 4-1. Calculate the appropriate 
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 factor for the ith component by applying the equation (10);

Step 4-2. β = 1-
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, Calculate the ith component reliability by applying the equation (12), i=i+1;  

Step 4-3. If  i >Nc, go to step 5 else go to step 2.

Else

Step 4-1’. Calculate mCM by applying the equation 6.

Step 4-2’. Calculate the virtual age and return to step 3.

Step 5. Calculate the system reliability while using the UGF.
3.2  The Action Choice (fitness function)

GA search to maximize the following function: 
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In this expression, the extended life of the component due to the jth action is:
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Cj is the cost generated by choosing the jth action;

t0( j): the component age due to the jth  maintenance action;

TM is the mission time;

Cmax is the maximum cost that an action could generate.

4  Case Study 

To evaluate the optimization bought by the proposed hybrid algorithm as well as the impact of the integration of the corrective maintenance effect on the preventive maintenance planning, two kinds of comparisons are proposed:

· A comparison between the found costs found by the ant colony used in [17] and the proposed hybrid algorithm;

· a comparison is proposed between the costs generated by a maintenance policy taking into account this factor and another ones without this hypothesis (supposing this effect does not affect the components, i.e. they remain “as bad as old”).
The hybrid algorithm was applied to four different systems which consist respectively of 2, 5, 7 and 9 components. The best action for each component is chosen among a set of nine actions. This set is the same for all the structures components. We should note here that the calculated maintenance policy respects the reliability constraint such as R(t)(R0 (R0 represents the reliability constraint - lower limit), for all t, 0 < t ( TM, and a given mission duration TM. Note that the ACS1 parameter setting was based on Samrout et al. [19] as far as what concerns the GAs, we have used the following parameters: pc=0.9, pm=0.1and several population sizes in order to find the minimal population to converge.

The calculations are made for one mission duration: 4 time units. A comparison between the hybrid algorithm (HGACS) and ACO algorithms is made via found cost and computing time needed to obtain the solution. Two parameters have been calculated to express the gain made by hybrid algorithm compared to ACS1:

· GAPt: expresses the relative time gain due to HGACS against ACS.

· GAPc: expresses the relative solution improvement (cost) due to HGACS against ACS.

We have the following gap notations:
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With: 

tHGACS, tACS1:  the processing times to find the solution, for HGACS and ACS1 respectively.

CHGACS, CACS1: the best costs obtained tHGACS, and ACS1 respectively.

Results are tabulated in the Table 1.
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Table 1. The obtained gain (in %) by HGACS compared to ACS1

	Components number
	GAPt
	GAPc

	2
	0.15
	0

	5
	0.23
	0

	7
	0.28
	0

	9
	0.32
	0


Figure 4 shows a comparison of the evolution of consummation of CPU time between HGACS and ACS1. Even if both approaches converge toward the same optima, it is clear that HGACS outperforms ACS1. We can note that time consummation of ACS1 increases faster than HGACS as components number increases. Hence the hybrid approach one becomes more and more efficient as components number and ants number increase. This confirms a first result which has been got by using one ant on a two-component system. In such case, HGACS is not faster because the system is so simple such that any improvement may introduce time overhead. Note also that this joins remarks done about CCGA-1: co-evolution is more suitable for large-scale systems. In this case, time overhead introduced by co-evolution is negligible compared to improved time.

However these results represent first tests about HGACS. More advanced analysis has to be done especially about component dependency, component structure, etc. This allows to get a clearer idea about the impact of co-evolution in accelerating of the convergence of metaheuristics and how two different metaheuristics can interact in order to improve whole performance.

In the first CCGA-1, there was no criterion to indicate which part of a solution goes to which genetic algorithm. This is because both metaheurtistics are the same. In our case the co-evolution is better used since the decomposition of the problem was done by considering the characteristics of each metaheuristic.
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Fig. 4. Comparison of CPU time consummation between HGACS and ACS1
In the other hand, to evaluate the impact of the integration of the corrective maintenance effect on the preventive maintenance planning, a structure made by 9 components (see Figure 5) is considered. This system is formed of parallel-series components. Each component is characterized by its binary state i.e. the component is either functioning or broken down.
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Fig. 5. The studied  structure
The reliability of each component is defined by an exponential law. Their characteristics are quoted in Table 2. The preventive maintenance action is characterized by an age reduction factor and a cost. The various values of these two factors are quoted in Table 3. Note that during this study we suppose that the duration of each action is constant and the unavailability cost during this action is already induced in the action’s cost.

Let Tp denotes the solution vector of system component inspection periods without taking into account the effect of the CM, TpCM is the same vector but with the consideration of the previous corrective maintenance. ActionCM denote the preventive action to be taken in a policy considering the CM effect.  Results are tabulated in Table 4. 
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Table 2. The component characteristics of the three chosen structures
	Component number
	h0
	Performance

	1
	1/7.059
	10

	2
	1/2.059
	10

	3
	1/2.2062
	9

	4
	1/7.014
	2

	5
	1/6.667
	9

	6
	1/2.5197
	8

	7
	1/3.5146
	5

	8
	1/8.5965
	8

	9
	1/6.0426
	8
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Table 3. The preventive maintenance action characteristics
	Age reduction factor (Action)
	
	Action cost

	0.8
	
	7

	0.7
	
	150

	0.6
	
	200

	0. 5
	
	300

	0.4
	
	400

	0.3
	
	500

	0.2
	
	600

	0.1
	
	1000

	replacement (Rep)
	
	2000
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Table 4.
Results comparison for two hypotheses (without and with corrective maintenance effect) in the preventive maintenance policy 
	N° component
	1
	2
	3
	4
	5
	6

	Tp
	0.81
	2.40
	2.23
	2.3
	2.32
	2.31

	TpCM
	0.60
	2.57
	2.71
	2.67
	2.55
	2.70

	Action
	Rep
	Rep
	Rep
	Rep
	Rep
	Rep

	ActionCM
	0.8
	Rep
	Rep
	0.8
	Rep
	Rep



	N° component
	7
	8
	9
	Cost

	Tp
	2.38
	2.44
	2.21
	

	TpCM
	2.62
	2.71
	2.60
	

	Action
	Rep
	Rep
	Rep
	18000

	ActionCM
	Rep
	0.8
	Rep
	12021


· If we only considered the preventive action costs, one can notice the important difference between the costs of those two approaches.  Taking into account the effect of the CM allows us to save a significant amount of money (33.2%).

· The cost’s difference shows clearly the importance of integrating the effect of corrective maintenance. However, this cost gap is not constant for a given system. It depends also on its architecture, the reliability constraint and the components number. 

· It is clear that the preventive dates obtained based on considering the CM effect are farther than the ones obtained by policies considering CM as a minimal repair. This thing is important if we look to it from the point of having more production time.

· If the components number increases, the components importance generally decreases the corrective maintenance would become a simple check up that leads to diminish the cost gap between those two policies.

5  Conclusions
In this paper an optimised maintenance policy is presented. In one hand, a new hybrid algorithm is presented to optimise the maintenance policy. This hybrid algorithm has shown its efficiency via found solutions and the CPU time taken to found them. The success of this later would help us to go further into modelling an optimised policy which determines preventive maintenance and actions while taking into account the influence of so many factors like components dependency, corrective maintenance, and respecting the reliability (availability) constraints.

Further studies are going on to improve this hybrid algorithm by improving the quality of the initial arbitrary actions combination. Any optimisation on this level would lead to a minimization of the time needed to find the best combination. As an example, we can test some variants of CCGA-1 such as selecting a random part of solution from one population in addition to the best one. This can help to maintain the diversity and reduce the risk of local optima. However, the parameter setting is not the only examined domain for the optimisation attempt, comparing this algorithm by other techniques seem to be a very promising area. In fact such studies are underway.

In the other hand, a new method which allows taking the CM effect in consideration while planning the preventive maintenance policy is also presented. The corrective maintenance effect on the failure rate of the components and consequently on the global system is often neglected. The proposed model offers the possibility to evaluate this effect. The corrective maintenance is no more either minimal repairs or replacements. Thanks to our model they can be any suitable action to the component regarding its importance and the action’s cost.  The established comparison shows the importance of the CM effect on the failure rate and consequently on the adopted PM policy.

The mathematical model used to calculate p(t)  and 
[image: image23.wmf]b

as well as the one adopted to model age reduction are initial propositions. Optimizing those latter is the subject of current studies.

During this research, we only considered the effect of the CM. The integration of other parameters is interesting to study; we look forward to see the impact of structural and economic dependences effect along with the CM impact on the planning of a PM policy.
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