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Abstract: Following the record setting growth observed on the 
tourism sector, during the last few years in Portugal, the car 
rental industry’s success has made it easier for other 
companies to enter, causing market saturation, which has 
made that the companies that were already set, had to 
differentiate to stay afloat. This differentiation must have in 
account the ever-growing client expectations, which demands 
a higher service level, more available supply, as well as a cost 
reduction. This work will focus on developing a heuristic-based 
approach, that will help a car rental company to dimension and 
allocate its fleet, for each vehicle category, and each area of 
business. The set objective will be to maximize the fleet’s 
utilization rate and to minimize the fleet cost. 

 
Keywords: Rent-a-Car, Fleet Management, FSAP (Fleet 
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I. INTRODUCTION 

The Portuguese economy is characterized for its strong 

services sector. In the past few years, there are some 

sectors which growth has been positively impacting the 

economical evolution, such as the automobile and 

tourism sectors (AICEP, 2017).  

 

Mobility has also been gaining notability as a global 

megatrend, where the car rental industry places itself as 

a   crucial solution regarding the expansion of these 

channels. The entry of new segments and competitors 

have cause changes in the market space, bringing with 

them not only challenges, but also growth potential to 

the pre-established operators (Nedrelid, 2016). 

The car rental industry dates back to the beginning of 

the XX century, when Walter L. Jacobs and John D. 

Hertz developed this business proposition in the USA. 

Since then, the car rental industry in the USA has 

reached an annual revenue of more than 100 billion 

dollars, having caused a major impact in the global 

economic development (Yang et al., 2008). 

 

This industry is as much global as it is local. It has a 

periodic demand, highly influenced by seasonality, and 

presents innumerous challenges such as cabotage, 

 
 

safety and insurance, but it also presents a great amount 

of opportunities, such as the possibility to enlarge the 

industry’s reach to other cultural, geographical, 

economical and legislative contexts (Lazov, 2017). 

Most companies in this industry provide a varied fleet of 

vehicles, spread by diversified areas of the country, to 

both sparse and contractual clients, such as companies 

which require business vehicles. These companies 

profit, in its majority, from the payments made for the 

rental of the vehicles. The costs come from the 

depreciation of the fleet, insurance payments, salaries 

and taxes (Lazov, 2017). 

The analysis of this work is motivated by a car rental 

company, that operates in Portugal, with 55 stations 

spread in 5 different business areas: North, West, 

Central, South and Madeira. 

This company has been growing through a mergers and 

acquisitions strategy, and is currently in the country’s top 

three biggest rent-a-car companies. Its mission is to 

become the leading company regarding client 

satisfaction and, in hopes to achieve this goal, the 

company adopted the strategy to always maintain a 

recent fleet (with no more than 2 years), modern 

facilities, and a wide coverage of the national territory. 

Regarding the fleet size and composition, this company 

has available for rent, in average, 10 000 vehicles in 

total, divided in 4 different categories: Economy, 

Compact, Luxury and Commercial. The fleet is acquired 

to the car brand through buy-back contracts, which 

consist in sales contracts that have a rebuy date and 

price already pre-established. These contracts can vary 

from a 2-month to a 14-month period, after which the 

company must sell the vehicles to the respective brand. 

In order to, annually determine the resource budget, the 

company’s board predicts the annual sales they are 

envisioning to achieve. In the determination of this 

forecast, they have in account the previous year’s sales, 

and multiply it by an expected growth rate, based on the 

company’s growth strategy.  
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This growth rate is calculated for the globality of the 

company, and does not take into account the different 

characteristics of the 5 distinct business areas, which will 

cause that, when the time comes to calculate the 

capacity required to fulfill the demand, it will not match 

each areas’ necessities. 

Also, the fleet allocation takes into consideration each 

areas’ fleet balance, calculated through the difference 

between the already booked rentals and the vehicles set 

to be resold to the brand. Considering that the fleet 

allocation process relies on fleet balances that are 

frequently changing,  the necessity to reallocate fleet 

between areas becomes extremely common, which 

carry high logistic costs. In fact, the fleet reallocation 

costs represent the highest cost incurred by the 

company. 

Inspired by the limitations presented by this company, 

regarding its fleet sizing and allocation strategy, this 

work will focus on developing a heuristic-based 

approach in order to help the company in this process. 

This approach will be tested in the central area, as it 

generates the company’s highest sales volume. 

This approach will be formulated by a genetic algorithm, 

that will determine the best fleet size to allocate to the 

central area, for each vehicle category, in each month. 

In pursuance of a deeper analysis, 3 scenarios will be 

built, in which two different selection methods will be 

compared, and where it will be tested the impact of 

elitism in the solutions’ performance. 

The rest of this work is organized as it follows: Section 2 

reviews the literature related with this subject; Section 3 

presents the problem formulation; Section 4 

characterizes the genetic algorithm and its stages; 

Section 5 analyses the obtained results and Section 6 

concludes this work. 

II.  LITERARY REVIEW 

Nowadays, a great variety of transportation sectors have 

been using quantitative approaches in order to optimize 

or improve its fleet management. In the car rental 

industry, fleet planning is critical in ensuring the 

business’ success. This process must ensure the 

availability of the fleet, whilst maintaining a high 

utilization rate (Pachon et al., 2003). 

According to Pachon et al. (2006), the main issue 

regarding fleet management lies with the incorrect 

allocation of the vehicles to the stations. Therefore, in 

order to correctly allocate the fleet, 3 steps must be 

followed: 

1. Group the stations into business areas, 

according to its geographical location and 

demand history; 

2. Develop a strategic plan for the fleet, consisting 

in allocating the fleet to each business area; 

3. Develop a tactic plan for the fleet, consisting in 

allocating a number of vehicles to each station 

inside each business area. 

One of the most common issues related with fleet 

management is the FSAP, the fleet sizing and allocation 

problem, which is characterized by two stages: the fleet 

sizing problem, which consists in determining the 

number of vehicles that optimized the balance between 

the service level and the fleet costs; and the fleet 

allocation problem which consists in distributing the 

vehicles needed to fulfil future demand, in each business 

area (Köchel et al., 2003). 

Beaujon and Turnquist (1991) presented one of the first 

studies conceived regarding this issue. In their study 

they affirm that the capacity of a system is directly 

related to the number of vehicles available. Deciding on 

the optimal fleet size for a system is dependent on the 

trade-off between the fleet maintenance costs and the 

potential costs related with unsatisfied demand. 

Köchel (1997) presents a solution for the fleet allocation 

problem, although it does not reach optimality, caused 

by the limitations of the model: time is considered as a 

discrete variable and the cost functions where 

considered to be linear, which in reality were not. The 

authors suggest that in order to surpass the limitations, a 

meta-heuristic approach, such as the genetic algorithm, 

should be applied. 

Carroll and Grimes (1995) developed a study in one of 

the biggest car rental companies in the world, Hertz, 

where they investigated which methodology should be 

applied in order to answer the questions: “how many 

vehicles should our fleet have?” and “where should 

those vehicles be placed?”. 

The decision regarding the number of vehicles that 

should be available in the fleet is dependent on 3 major 

factors: the buy-back contract structure, the rebuy 

process after the buy-back period is finished, and the 

capacity to answer to the demand for specific vehicle 

categories. 

In this study, the authors reveal that the majority of the 

companies follows a fleet management system that 

works through the optimization of the following aspects: 
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• Utilization: the percentage of the fleet that is on 

rent for each month; 

• Turndowns: the expected number of clients that 

will not go through with their reservation; 

• Fleet Costs: including the fixed costs, such as 

depreciation and maintenance costs; and 

maintenance costs, which are the ones necessary 

in order to ensure the fleet quality during the period 

in which the fleet is available for rent. 

In conclusion, Carroll and Grimes (1995) inform that 

Hertz has been improving its fleet management through 

the use of non-linear systems and simulation. 

Li and Tao (2010) have centered their work on 

determining the optimal size and transfer policy for a car 

rental company, responsible for serving only two cities. 

The authors propose a dynamic programming approach, 

divided into two stages. The formulation of the problem 

includes the lost sales factor, the transfer costs and the 

fleet demand. At the end the authors propose an 

heuristic-based approach for the fleet sizing problem 

which, after a numerical study, proved to be well 

functioning, however, if this solution is not combined with 

an appropriate transfer policy, its performance can 

quickly deteriorate, even with an optimal fleet size. 

You and Hsieh (2014) approach a problem in which a 

company with several stations, wishes to dimension and 

allocate its diversified fleet. It is assumed that n-1 

vehicles are returned in a different station from the one 

where they were originally picked up. Considering this 

assumption, the authors develop a non-linear model, 

based on the genetic algorithm structure, where the final 

result reveals how to adapt the fleet to changes in 

demand and what should be the dimension of the fleet 

for when the transfer costs are altered. 

Having analyzed these case studies, the choice of which 

approach to use is divided between a linear and a non-

linear option. 

Regarding the linear approach, the authors give credit to 

the dynamic programming model, which consists in the 

development of a systematic procedure that will 

determine the optimal combination of connected 

decisions.  This model is based on the recursive division 

of a problem into simpler sub-problems, as stated in the 

Bellman Principle (1957): “the sub-policy of an optimal 

policy is, itself, optimal”.  

Although this method provides optimal solutions for the 

given problems, Cooper and Cooper (1981) clarify that it 

also presents some limitations such as the dimension of 

the state space, which means that if there are more than 

two or three state variables for a given problem, there 

may occur some errors during the processing of the 

information. In addition, dynamic programming models 

usually take a lot of time and computational effort. 

Besides that, in most cases, the computation of optimal 

solutions is very difficult to perform in real cases. In fact, 

most companies are satisfied by a “good enough” 

solution (Talbi, 2009). 

Following this statement, the non-linear approaches can 

be presented, since they were also recommended by the 

previously stated authors. From the non-linear 

approaches, the method that is most commonly used 

when dealing with this problem is the genetic algorithm.  

The genetic algorithm’s praise comes from the fact that it 

represents a simpler alternative when it comes to its 

implementation. Also, it originates from a well-known 

biological concept, and always ensures the generation of 

a good solution within a relatively short amount of time. 

These algorithms excel due to their capacity to process 

even the most complex problems with highly extensive 

search spaces, navigating through them, and generating 

solutions usually hard to obtain (Panchal, 2015).  

The problem presented by the rental company being 

studied has variables that change according to the 

changes that happen in the industry. The demand, the 

fleet mix, the fleet categories and the business areas, 

are all examples of variables that can change over time 

and that are highly influenced by changes in other 

sectors, such as tourism or aviation. 

Given this analysis it was decided that the approach that 

should be applied to this problem should be the genetic 

algorithm. 

The genetic algorithm (GA) can be included in the 

category of the evolutionary algorithms, a class of 

methods inspired by the principle of natural selection 

proposed by Charles Darwin. 

Each GA acts on an artificial population of 

chromosomes, where each chromosome represents a 

solution for the problem being analyzed. All 

chromosomes have a fitness, a number that measures 

the quality of the solution regarding its adaptation to the 

problem’s objectives (McCall, 2005). 

This algorithm can be summarized as a set of decision 

points where, at the end of each one, the final solution is 

altered, potentially to a better one. 
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The methodology behind the GA is as represented by 

Figure 1: 

 
       Figure 1 – The Genetic Algorithm Flowchart. 
             Adapted from Eiben and Smith (2015) 

The initial population, randomly generated, is composed 
by a set of chromosomes, each with a fitness rating each 
one regarding its quality.  

At this stage, if the ending conditions defined are met, 
then the algorithm stops and gives back the best 
solution. If not, then it goes to the selection phase where 
the progenitors that will create the next generation will 
be selected. 

After the selection process, comes the crossover phase, 
which function consists in creating new chromosomes 
from the combination of the genetic material encoded in 
the progenitors.  

To prevent the premature convergence of the solutions, 
it is introduced the mutation phase. Mutation must occur 
in sparse cases, in order to prevent that the algorithm 
diverges away from the ideal solution. Therefore, a 
probability of mutation should be established, that allows 
the introduction of genetic variability without 
compromising the convergence of the solutions. 
Grefenstette (1986) concluded that, for most problems 
with small populations, the probability of mutation should 
never surpass 0,05.  

Finally, after the new generation has been created, the 
fitness of each solution must be recalculated and, if the 
ending conditions are met, the algorithm complete the 
cycle and present the best solution; if not then this new 
generation will serve as the base for a new search cycle. 

III. PROBLEM FORMULATION 

After analyzing the previously divulged information, the 

problem presented by the car rental company being 

studied can be translated into the following mathematical 

formulation: 

Sets 

𝑖 – current month, 𝑖 ∈ [1, 12]; 

𝑗 – current vehicle category, 𝑗 ∈ [1,4]. 

Parameters 

𝑜𝑛𝑟𝑒𝑛𝑡𝑖𝑗 – on rent vehicles in the central area, in month 𝑖, for 

the category 𝑗; 

𝑐𝑓𝑖𝑗 – fixed cost related to each on fleet vehicle, in month 𝑖, for 

the category 𝑗; 

𝑐𝑚𝑖𝑗 – maintenance cost associated with the fleet’s utilization, 

in month 𝑖, for the category 𝑗; 

𝑓𝑖𝑗 – transited fleet, available in month 𝑖, for the category 𝑗. 

Decision Variables 

𝑜𝑛𝑓𝑙𝑒𝑒𝑡𝑖𝑗  – number of vehicles that should exist on fleet, in 

month 𝑖, for the category 𝑗, containing both  𝑓𝑖𝑗 and the new 

fleet that will be acquired. 

This problem will be bi-objective, having to 

simultaneously maximize the fleet utilization rate,  𝑈𝑅,  

and minimize the fleet cost, 𝐶𝑜𝑠𝑡 . 

𝑇𝑈 =
∑ ∑

𝑜𝑛𝑟𝑒𝑛𝑡𝑖𝑗

𝑜𝑛𝑓𝑙𝑒𝑒𝑡𝑖𝑗

4
𝑗=1

12
𝑖=1

48
   (1) 

𝐶𝑢𝑠𝑡𝑜 = 𝑐𝑓𝑖𝑗 ∗  𝑜𝑛𝑓𝑙𝑒𝑒𝑡𝑖𝑗 + ∑ ∑ (𝑐𝑚𝑖𝑗 ∗  
𝑜𝑛𝑟𝑒𝑛𝑡𝑖𝑗

𝑜𝑛𝑓𝑙𝑒𝑒𝑡𝑖𝑗
)4

𝑗=1
12
𝑖=1    (2) 

Subject to: 

𝑜𝑛𝑟𝑒𝑛𝑡𝑖𝑗

𝑜𝑛𝑓𝑙𝑒𝑒𝑡𝑖𝑗
 ≤ 1                 , ∀𝑖, 𝑗   (3) 

𝑜𝑛𝑓𝑙𝑒𝑒𝑡𝑖𝑗 > 0               , ∀𝑖, 𝑗   (4) 

𝑜𝑛𝑓𝑙𝑒𝑒𝑡𝑖𝑗 𝑖𝑛𝑡𝑒𝑔𝑒𝑟       , ∀𝑖, 𝑗   (5) 

Restriction (3) ensures that the demand requirements 

are always met, since it does not allow the model to 

produce solutions that would lead for the number 

vehicles on rent to be superior to the number of vehicles 

on fleet. 

Restriction (4) ensures that the number of vehicles on 

fleet is always positive and different from zero.  

So that the equations (1) and (2) may be used as 

objective functions, it must be ensured that the decision 

variable 𝑜𝑛𝑓𝑙𝑒𝑒𝑡𝑖𝑗 is never zero, since it would lead for the 

ratio 
𝑜𝑛𝑟𝑒𝑛𝑡𝑖𝑗

𝑜𝑛𝑓𝑙𝑒𝑒𝑡𝑖𝑗
 to converge to infinity, thus turning the 

solutions unbounded. 
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At last, restriction (5) ensures that the decision variable  

𝑜𝑛𝑓𝑙𝑒𝑒𝑡𝑖𝑗 is always an integer, since, in reality, the fleet 

size is always an integer number. 

IV. CHARACTERIZATION OF THE GENETIC 

ALGORITHM 

Following the formulation of the problem, the next step is 
to adapt it to the Genetic Algorithm framework, which 
stages can be summarized in Figure 2. 

 

Figure 2 – Genetic Algorithm Framework 

Stage I is related with the definition of the initial 
conditions that are necessary to start the algorithm; 
stage II characterizes the procedure behind the 
calculation and attribution of the fitness values; stage III 
is concerned with the ending criteria for the algorithm; 
stage IV distinguishes the situations in which the elitist 
condition will be applied; and, finally, stages V, VI and VI 
relate with the application of the selection, crossover and 
mutation operators, respectively. 

1. Stage I – Initial Conditions 

This first stage relates with inserting the inputs of the 
problem in the algorithm; these consist in both the real 
data observed during the analysis of the problem, and 
the parameters, built for the development of the 
algorithm’s functions. 

Considering the presented problem, the input data to be 
inserted in the model is: the on rent historical data, by 
month and category; the fleet costs, by month and 
category; number of transited vehicles from the previous 
year, available in each month, for each category; and the 
initial on fleet values, randomly generated. 

The problems’ parameters will be the population size, in 
this case, 240 individuals; the mutation rate in this case 
0,025 and the elitist condition. 

2. Stage II – Fitness Function 

For this problem, the fitness function needs to be 
capable of rating each individual, regarding their 
performance in two different, but equally impacting, 
objectives: utilization rate and average feet cost.  

In order to achieve this, a personalized fitness function 
was developed, which pseudo-code is presented: 

Genetic Algorithm: Fitness Function 

Input: on rent for each month and category, fixed cost for each 

month and category, maintenance cost for each month and 

category population size and generation 

Output: fleet cost, utilization rate and fitness (for each 

chromosome) 

  1     start 

  2       for each cromosome i in generation do 

  3           f_cost (i) = generation (i) * fixed cost (i) + [on rent (i) / 

generation (i)] * maint. cost 

  4           f_ut (i) = [on rent (i) / generation (i)] 

  5       end 

  6           display fcost (i) by ascending order 

  7           display fut (i) by descending order 

  8       for each individual i from generation do 

  9           fitness (i, 1) = i 

10           fitness (i, 2) = f_cost (i) position + f_ut(i) position 

11       end 

12          display fitness by ascending order of the second 

column 

13     end 

After calculating the fleet cost and the utilization rate for 
each chromosome, the fitness function will rate (from 
one to population size) each individual, according to their 
performance in each of the objectives. The rank 1 will be 
given to the solution that has the highest utilization rate 
and to the solution which has the lowest cost (that can 
be different chromosomes).  

Afterwards, for each individual, the final fitness result will 
be the sum of the rating received regarding the utilization 
rate, with the rating received regarding the fleet cost.  

At the end, the chromosome with the lowest fitness 
value, will represent the fittest solution. 
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3. Stage III – Ending Criteria 

The ending criteria should ensure the reliability and 
performance of the algorithm, guarantying a finite search 
space and avoiding early convergence and excessive 
computational effort. 

For this specific problem, the ending criteria selected 
was one that would stop the processing of the algorithm 
when a maximum number of iterations was reached. 
Also, it was decided that the number of iterations should 
be high enough to saturate the solution. 

To decide on the number of iterations, 5 tests were 
performed on the algorithm, to evaluate from which point 
in time the solution would converge to its maximum. The 
results indicated that it happened around the 400th 
iteration, and so, also considering a safety margin, it was 
decided that the ending point would be at 500 iterations. 

4.  Stage IV – Elitist Condition 

Once applied, this condition will ensure that the two best 
solutions found until that point will be saved and will 
integrate the next generation. Therefore, the main goal is 
to ensure that good solutions do not get lost in the 
process.  

Since this condition will only be applied in one of the 
three scenarios, if it is not applicable, then the algorithm 
goes straight forward to the selection phase. 

5. Stage V – Selection Operator 

Given the importance of the selection operator, two 
scenarios will be built, each with a different selection 
method. The third scenario will be equal to the best 
performing scenario out of the other two, with the 
addition of an elitist condition. 

For the first scenario, the method chosen was the rank 
method. This method is very similar to the roulette wheel 
method, but it avoids some of the elitism presented by 
this last one, since it does not rate the chromosomes 
according to their fitness, but according to an attributed 
rank. 

Regarding the second scenario, the other chosen 
method was the tournament method, which is divided in 
two stages: firstly, two chromosomes must be randomly 
picked from the population, and all chromosomes have 
the same probability to be chosen; and secondly, after 
analyzing both fitness ranks, the better performing one 
gets selected. 

6. Stage VI – Crossover Operator 

Regarding this case study, the crossover method was 
chosen between three options: the one-point crossover, 

the two-point crossover, and the uniform crossover 
methods. 

The method that consists in crossing the progenitors in 
only one point of the genome, will cause that the 
descendance produced will become way too similar to 
the chromosomes that have originated them. On the 
other hand, the uniform crossover, given its 
randomness, may lead the descendance to be 
drastically different from its progenitors, which will cause 
that the best genes that should be preserved, to get lost 
in the process.  

Therefore, the method chosen, the two-point crossover 
method, will represent a balance between variability and 
genetic conservation. 

7. Stage VII – Mutation Operator 

As for the mutation operator, a simple method has been 
chosen, the multiplication by a factor, in which each 
gene of the chromosome will be multiplied by a random 
factor (in this case a real number between 0 and 2). 

However, the mutation operator will not be applied to all 
chromosomes, and therefore should have a probability 
of occurrence, that in this case will me 0,025, half of the 
maximum value indicated by Grefenstette (1986). 

V. RESULT ANALYSIS 

In this section we will analyze the results produced by 
each one of the scenarios, regarding their performance 
in both objectives that were set, fleet utilization rate and 
average fleet cost. 

Firstly, scenarios 1 and 2 will be compared with each 
other in order to determine which selection method 
grants best results. The winner will give origin to 
scenario 3, to which will be added an elitist condition. 

At the end, the victor between scenarios 1 and 2 will be 
compared with scenario 3, so that the impact related 
with the elitist condition can be evaluated. 

1. Scenario 1 vs. Scenario 2 

Scenario 1 was composed by the following operators: 
rank selection method, two-point crossover method, and 
multiplication by factor mutation method. 

Each solution had an average generation time of 28,37 
seconds.  

Out of the 1000 tests performed, scenario 1’s solutions, 
regarding the fleet utilization rate, were distributed as 
shows in Figure 3. 
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Figure 3 – Scenario 1: Fleet Utilization Rate Solution Distribution 

Analyzing Figure 3, it is possible to understand that, 
even though the best solution generated granted a high 
utilization rate (≈ 91%), it only happens in 2 out of 1000 
cases, and therefore should not be considered as a 
robust solution to characterize the scenario’s 
performance. 

Considering that, the solution considered to evaluate the 
performance of the scenario will be the most frequent 
solution, in this case 86%. Regarding the minimal fleet 
cost objective, the average value was calculated for the 
208 solutions that presented an 86% utilization rate. As 
such, the average fleet cost result obtained for this 
scenario was 322 961,97€. 

In other hand, scenario 2 was composed by the following 
operators: tournament selection method, two-point 
crossover method, and multiplication by factor mutation 
method.  

Each solution had an average generation time of 11,64 
seconds.  

Out of the 1000 tests performed, scenario 1’s solutions, 
regarding the fleet utilization rate, were distributed as 
shows in Figure 4. 

 

Figure 4 – Scenario 2: Fleet Utilization Rate Solution Distribution 

Once more, the highest utilization rate obtained (≈ 92%) 
is not one of the most frequent solutions, only occurring 
2 times in 1000 tests. This time the most frequent 

solution is 87%, occurring in 222 cases, with an average 
fleet cost of 316 747,17€.  

When comparing both scenarios, the analysis can be 
summarized as presented in Table 1: 

Table 1 – Result Comparison Between Scenarios 1 and 2 

When analyzing the performance of both scenarios, it is 
possible to state that scenario 2 has produced the best 
results, both regarding best and most frequent utilization 
rate, and best and most frequent average fleet cost. 

As for the robustness of the scenarios, another analysis 
was performed, as shown in Table 2, in which we 
evaluate the top three most frequent results regarding 
the number of cases in which they occur. 

Table 2 – Frequency Analysis for the Top 3 Most Frequent Results 
Obtained by Scenarios 1 and 2 

 

In a deeper analysis, not only scenario 2’s most frequent 
solution, but also the second and third, present a better 
utilization rate. In addition, scenario 2’s solutions are 
also more robust, since they occur in 60,8% of the 
cases, whereas scenario 1’s most frequent solutions 
only happen in 53,6% of the cases. 

In conclusion, with this analysis it was possible to infer 
that, regarding this particular case, scenario 2 provides 
the best results, and so the tournament method reveals 
to be the best method to apply. 
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 Scenario 1 Scenario 2  

 Fleet 
Utilization 

Rate 

Average  
Fleet Costs 

Fleet 
Utilization 

Rate 

Average  
Fleet Costs 

Best Solution 91% 306 844,97€ 92% 308 348,35€ 

Most 
Frequent 
Solution 

86% 322 961,71€ 87% 316 747,17€ 

 Scenario 1 Scenario 2  

 Fleet 
Utilization 

Rate 

Number of 
Occurences 

Fleet 
Utilization 

Rate 

Number of 
Occurrences 

Most 
Frequent 
Solution 

86% 208 87% 222 

2nd Most 
Frequent 
Solution 

85% 172 88% 215 

3rd Most 
Frequent 
Solution 

84% 156 89% 171 
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2. Scenario 2 vs. Scenario 3 

Having won the comparison analysis, scenario 2 will 
compete with a new scenario, scenario 3, that will have 
the same structure as it has, but with the addition of an 
elitist condition. 

Scenario 3 produced each solution in 22,72 seconds, 
and, out of the 1000 tests run, the fleet utilization rate’s 
results were as presented in Figure 5. 

 

Figure 5 – Scenario 3: Fleet Utilization Rate Solution Distribution 

Once more, the highest utilization rate obtained (≈ 92%) 
is not one of the most frequent solutions, only occurring 
2 times in 1000 tests. The most frequent solution has 
88%, with a correspondent average fleet cost of 
314 400,45€. 

After analyzing scenario 3’s results, the next step is to 
compare them with the results obtained by scenario 2, 
where no elitist condition was applied. The comparison 
can be summarized as presented by Table 3. 

Table 3 – Result Comparison Between Scenarios 2 and 3 

Regarding the best solution obtained, both scenarios 
achieved the same utilization rate (≈ 92%), but at 
different average fleet costs, where in this area scenario 
2 presents the best solution. Concerning the most 
frequent solution, scenario 3 presents the best overall 
results, revealing a higher utilization rate and a lower 
average fleet cost.  

In a similar way to what was done for scenarios 1 and 2, 
another analysis was done to complement the previously 

displayed results, where the frequency of each solution 
is compared between scenarios. 

Table 4 – Frequency Analysis for the Top 3 Most Frequent Results 
Obtained by Scenarios 2 and 3 

 

From the examination of Table 4, it is possible to state 
that both scenario 2 and 3 have the same top 3 most 
frequent solutions (87%, 88%, 89%). But in this case, 
scenario 3 not only presented the best most frequent 
solution regarding the utilization rate (88% vs. 87%), but 
also the one with the highest number of occurrences 
(238 vs. 222). However, scenario 2’s second most 
frequent solution regarding the utilization rate is 88%, 
with 215 occurrences, with is very similar to the best 
solution presented by scenario 3. 

To further look into the matter, the average fleet cost 
related with the most frequent solutions (87%, 88%, 
89%) was analyzed. For this set of utilization rates, 
scenario 2 obtained an average fleet cost of 314 
474,19€, and as for scenario 3, it obtained an average 
fleet cost of 314 687,79€. These results once again 
reveal that there are no major differences between the 
performance of the solutions provided by both scenario 2 
and 3. 

In conclusion, from this analysis it is possible to infer that 
the tournament method granted a better performance to 
the algorithm, when compared with the rank method. 

Regarding the elitist condition, it did not have a great 
impact on the solutions, since the main objective of this 
condition is to help the algorithm to converge quicker to 
the best solution, and the original algorithm had already 
a quick convergence rate, so the impact was not that 
noticeable. 

VI. CONCLUSIONS 

In this work, a heuristic-based approach the fleet sizing 
and allocation problem of a car rental company was 
developed and tested. Three scenarios were built: all 
shared the same crossover and mutation methods, 
differing in the selection methods and in the application 
of an elitist condition. Scenario 1 had in its structure the 
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rank selection method, scenario 2 had the tournament 
selection method and scenario 3 had the best of the 
previously presented selection method, complemented 
by an elitist condition. 

Globally, the algorithm produced good solutions, all 
leveling up to the service lever standards imposed by the 
company. Regarding the solutions’ performance 
concerning the company’s objectives, namely the fleet 
utilization rate and the average fleet cost, scenario 2 
generated the best solutions, when compared with 
scenario 1.  

From the comparison between scenarios 1 and 2, it was 
concluded that even though scenario 3 produced the 
best most frequent solution regarding the utilization rate, 
scenario 2 presented lower average fleet costs, meaning 
that the elitist condition did not have an impactful 
influence in the solutions. This is, in part, justified by the 
fact that the algorithm already presented a high 
convergence rate, even without the application of the 
elitist condition. 

For future work, it is suggested that this approach should 
be applied to the remaining business areas, in order to 
ensure its full applicability to the company’s entire reality. 
It is also suggested that the approach may be adapted in 
order to process more than one-year worth of historical 
data, in order to grant more reliability to the solutions 
produced. 

Regarding the performance of the algorithm, it is also 
suggested that future work should focus on testing other 
mutation methods and, most importantly, other mutation 
rates, in order to analyze its impact on the convergence 
of the solutions. 
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