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Abstract 

In this research, a new method is proposed for the optimization of warship spare parts stock with genetic 

algorithm. Warships should fulfill her duties in all circumstances. Considering the warships have more 

than a hundred thousand unique parts, it is a very hard problem to decide which spare parts should be 

stocked at warehouse aiming to use in case of failure. In this study, genetic algorithm that is a heuristic op-

timization method is used to solve this problem. The demand quantity, the criticality and the cost of parts 

is used for optimization. A genetic algorithm with very long chromosome is used, i.e. over 1000 genes in 

one chromosome. The outputs of the method is analyzed and compared with the Price Sensitive 0.5 

FLSIP+ model, which is widely used over navies, and came to a conclusion that the proposed method is 

better. 

1 Introduction 

Warships are non-profit and mission focused organizations. They must cruise for a long period to fulfill 

their missions. It is a high probability to have a system failure during her cruises. Some of the failures are 

simple enough for ship's staff to repair, and some of them are complex failures that reparation can be 

fixed only at dockyards. Repairs that ship's crews fixed are very valuable because they support the main 

goals of warships. Otherwise, the ship should go to the dockyard, sometimes in tow, that means abolish-

ment or delay of the mission. 

It's a necessity to have the spare parts in the warehouse of warship for the ship's crew to fix the failure. 

A frigate may have hundreds of systems on her, and these systems may include more than one hundred 

thousand parts. It's clear that you can not stock a spare of all parts. So, the big problem is which parts will 

be stocked at warehouse as a spare part. 

Many researches have been done related to stock models of spare parts used in navies. [1-3]. Navies of 

the world, especially the United States' Navy created and improved many methods since 1950s to handle 

this problem. The most up to date method used is Price Sensitive 0.5 FLSIP+. This method focuses 

on demand quantity and excludes a spare part which has the demand quantity less than a threshold even 

though it is very important for the ship. On the other hand, a part that has a low cost can be carried on bo-

ard even though it has no importance for the ship. Therefore, a heuristic algorithm should be used instead 

of a method which decides according to crisp parameter values.  

Genetic algorithm is a heuristic optimization method that used increasingly in so many areas. Many 

problems, which are complex or impossible to solve with deterministic methods, can be solved by genetic 

algorithm. In this study, a genetic algorithm is used to answer the problem of spare parts optimization, 

which should be stocked on a warship. The outputs of spare parts stock list acquired from the genetic al-

gorithm is analyzed and compared with the solutions of present navy methods, according to the demand 

quantity, criticality and cost of the spare parts. 



2 Price Sensitive 0.5 FLSIP+ Model 

The raw data size of all spare parts is 74,601. This information is gathered from Coordinated Shipboard 

Allowance List (COSAL) data of a warship. In this data, ID is the serial numbers of the parts. P is the unit 

price. Military essential code (MEC) represents the criticality or importance of a part in the operation 

of equipment or system. Total available quantity (TP) is the quantity of a part which is already installed 

on board. Minimum replacement unit (MRU) is the minimum quantity that should be replaced when a fai-

lure occurs. Best replacement factor (BRF) shows the usage rate. It is the actual usage reported by fleet. 

By multiplying TP and BRF, estimated annual demand quantity is obtained.  

Price Sensitive 0.5 FLSIP+ model [4], which is abbreviated as PS 0.5F+, never takes into account the 

estimated annual demand quantity that is lower than 0.5 while computing the spare parts allowance list. In 

other words, estimated annual demand quantity should be 0.5 or higher to be considered in generating a 

spare parts allowance list that should be carried on board. 

The warships should survive without aid for a 90-day period. Therefore, all the logistic stock prepara-

tion is fulfilled for this period. First of all, usage rate should be obtained by the equation below. 
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Where; UR is usage rate. It is an estimate of how often a part will be needed in each 90-day period. The 4 

in denominator determines the expected usage for a 90-day period, which is the established stocking level 

duration. PS 0.5F+ model uses below conditions to decide whether a part will be selected as a spare part 

or not.  

 UR >= 1 condition: If the usage rate (UR) of a part is equal to or higher 4 in a year, that spare part 

is determined as on board repair part (OBRP) and carried on board, without considering its cost. 

This type of spare parts called as demand-based parts. 

 Cost < 1000$ and 0.5 < UR < 4 condition: If the usage rate (UR) of a part is between 0.5 and 4 in 

a year, that spare part is candidate for OBRP. If the candidate part is critical for the ship it is con-

sidered as OBRP, and should be carried on board. This type of spare parts called as insurance-

based parts. 

 Cost >= 1000$ and UR < 4 condition: If the usage rate (UR) of a part is equal to or less than 4 in a 

year, that spare part is excluded from OBRP and never carried on board.  

 Exceptions: There are certain Technical Overrides (TORs) and underrides that can cause a part to 

be carried or not carried regardless of the value of the UR. In addition, Planned Maintenance Re-

quirement (PMR) for 90-day usage will also override the allowance computation. TORs and PMR 

are out of the scope of this research.  

3 Genetic Algorithm Parameters 

Genetic algorithm is an optimization method that uses stochastic algorithms. The first step in GA is to ge-

nerate an initial population, which is randomly generated. The potential solutions of a problem are enco-

ded as chromosomes, which form a population [5]. The second step is to determine fitness of chromoso-

mes in the population. A chromosome represents a candidate solution for the problem. The third step is a 

selection of better chromosomes according to fitness values. Then reproduction takes place, which con-

sists of crossover and mutation operators. The algorithm is repeated until an optimal solution is found. 

Generally, crossover combines the features of two parent chromosomes to form two offspring. All 

candidate chromosomes in the population are subjected to the random mutation after the crossover opera-

tion. This is a random small change in a gene applied uniformly to all genes of chromosomes with a pro-

bability of mutation rate. Mutation operation increases the diversity of the population and avoids the pre-

mature convergence [6]. 

The most important task in the GA is to compose an objective function. The objective function given 

in Equation 2 is introduced in this study for determination of spare parts that should be carried on the 



ship. In this process, the criteria taken into accounts are the unit price, criticality, demand quantity, maxi-

mum replacement unit of parts and total available quantity on board. 
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Where; Z is the objective function value and i is the Id of a spare part.  

The roulette-wheel selection method is used for the determination of parents who will be put into ma-

ting pool. Besides, elitism is used to ensure that the good solutions are transported to the next generations. 

Elitism prevents the loss of properties of good solutions during the crossover and mutation operations.  

Many pre-experiments were conducted to determine the parameters of GA. Mutation rate was determi-

ned as 0.00075, crossover rate was taken as 1, 3-point crossover was founded as the most convenient 

crossover type, the population size was obtained as 300, and 1000 genes were consisted in one chromo-

some. 

4 Case Studies 

When the existing PS 0.5F+ model is operated based on the conditions given in Section 2, total of 

5,529 parts are selected by the model (see Table 1). Those consist of 1,619 demand based parts that have 

the demand quantity higher than 4.0, and 3,910 insurance based parts that have the demand quantity 

between 0.5 and 4.0 in a year. The total cost of spare parts selected by PS 0.5F+ model is 952,551.34$. 

We aim that the total quantity and cost of parts, which are selected as on board spare parts, will be 

lowered by GA. While optimizing with GA, a threshold value of demand quantity is accepted as 0.1. 

Most of these low valued spare parts don’t have any chance to be selected by the genetic algorithm. When 

this filtration is applied to the raw data size of all spare parts, 74,601 records degrade to 16,186 records. 

58,415 records have an estimated annual demand quantity less than 0.1 and excluded from the raw data. 

In addition, the size of the on board list is just taken as 1,000 so the chromosome length of the genetic al-

gorithm is defined as 1,000. The difference in cost and quantity of parts selected by both methods can be 

seen on the Table 1. The comparison of total costs and quantities of both method shows that GA is advan-

tageous as expected.  

Table 1. Total costs and quantities acquired by PS 0.5F+ model and GA. 

 

4.1. Comparison of Results According to Quantities 

The 5,529 outcomes acquired by the PS 0.5F+ model and the 1,000 outcomes acquired by the GA are 

compared according to the spare parts quantities and comparison results are given in Table 2. Striking re-

sults are given below. 

Because the PS 0.5F+ model does not deal with the parts that have a demand quantity less than 0.5, 

422 parts that have a demand quantity between 0.1 and 0.5 is selected only by GA. 82 parts which have a 

demand quantity between 0.5 and 4.0 are selected by GA even though not selected by PS 0.5F+ model. 

The selection criteria for the GA are unit price, criticality and demand quantity of the part as formulated 

in objective function. Therefore, the reason why a part selected by GA but not selected by PS 0.5F+ mo-

del is due to low cost or high criticality of the part. The ratio of parts selected by GA that has a demand 

quantity of 4.0 or greater is 23.5% (235/1,000). Even though the PS 0.5F+ model selects all the parts have 

a demand quantity of 4.0 or greater, the selection ratio for the PS 0.5F+ model is only 29.3% 

(1619/5,529). The ratio of selected parts that have a demand quantity between 0.5 and 4.0 for PS 0.5F+ 

model is 70.7% (3,910/5,529), while the genetic algorithm model has a ratio of 34.3% (343/1,000).  

 



Table 2. Quantities of spare parts selected by PS 0.5F+ model and GA. 

 
 

4.2. Comparison of Results According to Mean Costs 

Outcomes acquired by both the PS 0.5F+ model and the GA are compared according to the mean costs 

of spare parts and comparison results are given in Table 3. Striking results are given below. 

The mean cost of the 82 parts, which have a demand quantity between 0.5 and 4.0, and selected by 

only GA, is just 0.76$. On the other hand, the mean cost of 3,649 parts which have a demand quantity 

between 0.5 and 4.0, and selected by only PS 0.5F+ model is 44.20$. This enormous mean cost shows 

that GA is much better if the costs of parts are considered. The mean cost of 235 parts, which have a de-

mand quantity more than 4.0, selected by both methods is just 2.44$. On the other hand, the mean cost of 

1,384 parts selected by only PS 0.5F+ model is 25.51$. This mean cost shows again that GA is much bet-

ter. 

Table 3. Mean costs of spare parts selected by PS 0.5F+ model and GA. 

 
 

4.3. Comparison of Results According to Criticality 

There are four criticality degrees (1, 3, 5 and 7), and as the criticality degree decreases, the criticality 

or importance of a part increases. For the both methods, quantities of the selected parts according to the 

criticality degrees are given in Table 4. The aim of this comparison is to make a comment about the influ-

ence of criticality. Striking results are given below. 

When the parts that have a demand quantity between 0.1 and 0.5 are inspected, the criticality degree of 

403 of 422 parts selected by GA is either 1 or 3. The criticality degree 7 means that the part is the least 

critical. When the parts, which have a demand quantity between 0.5 and 4.0 and have a criticality degree 

7, are analyzed the quantity of selected parts are determined as 99. The 8 (8%) of them are selected by 

both methods, 88 (88.8%) of them are selected by only PS 0.5F+ model, and none of them is selected by 

only GA. The criticality degree 3 means that the part has major criticality for the system. The 79 of 806 

parts, which have criticality degree 3 and demand quantity between 0.5 and 4.0, are selected by only GA. 

None of these 806 parts is selected by PS 0.5 F+ model. This shows the deficiency of PS 0.5 F+ model 

and the superiority of GA for selecting spare parts. 

 

 



Table 4. Criticalities of spare parts selected by PS 0.5F+ model and GA. 

 

5 Conclusion 

It is necessary to have the spare parts in stock of warship for fixing the failure during her duties. Since 

a ship has hundred thousand unique parts, it is difficult to decide which spare parts should be stocked on 

board. In this study, GA was used to solve this problem. The raw data of 74,601 spare parts were gathered 

from COSAL data of a warship. The spare part list derived from the GA was compared with list derived 

from the PS 0.5 F+ model according to the quantities, costs and criticalities of the selected spare parts.  

All the comparisons show clearly that the spare parts allowance list that should be carried on board, 

which is determined by the GA, is much more convenient and price sensitive than the list of PS 0.5F+ 

model. Because the selection criteria for a spare part were unit cost, criticality and demand quantity as 

formulated in the objective function, GA selected the critical, cheap and more demanded spare parts. 

However, the most deficiency of the PS 0.5F+ model was the excluding of parts that have a demand qu-

antity lower than 0.5 and including all parts that have a demand quantity higher than 4.0 without looking 

any other properties like cost and criticality. 
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