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Abstract 

 

This paper presents a genetic algorithm (GA) with local search method to determine the solution for the inventory routing 

problem (IRP) with a homogeneous fleet of multi-compartment vehicles. The objective is to minimize the total cost including 

the rental cost, the travelling cost, and the inventory cost. Each customer is allowed to have multiple visits by vehicles. The 

multi-product with known demands and limited tank capacities at customers are in our consideration. The mathematical model 

for this IRP is presented and classified as the mixed integer programming. Since the IRP is considered as the NP-hard problem, 

GA is developed to deal with the large-scale problem. The proposed GA with local search method is utilized to determine both 

the order quantities and routes for distribution. The chromosome representation, GA operators, and GA parameters are 

described in this paper. The numerical examples reveal that, for the problems having high complexity, the proposed GA can 

yield better quality of solutions than the solutions of the optimization software namely CPLEX 12.4. Moreover, the 

computational time of the proposed GA is significantly lower than that of CPLEX 12.4 for the large-size problem.  
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1. Introduction 

 

The IRP considers the replenishment and the distribution 

of products which are organized by a supplier. In IRPs, the 

delivery company operates under the restriction that the 

shortage of products is not allowed at the customer level. 

IRPs try to minimize the major costs including the 

distribution cost and the inventory management cost and this 

will result in reducing the overall logistics cost.  

The decomposition approach for the inventory routing 

problem is presented by [1]. The VMI concept in distribution 

of petrol products to service stations can be found in [2]. [3] 

presented a ship inventory routing and scheduling problem 

with undedicated compartments. They consider four sub-

problems including route selection, ship selection, loading, 

and unloading activities procedures, simultaneously. 

Heuristics for an IRP with production decisions was 

proposed by [4]. The MIP was formulated. The performance 

of these procedures is better than CPLEX. An inventory and 

routing costs in strategic location model was resented by [5]. 

The objective of their paper is to minimize the total cost 

including location cost and inventory cost at distributions, 

and the transportation cost in the supply chain. A hybrid 

genetic algorithm for multi-product multi-period inventory 

routing problem with a fleet of homogeneous vehicles was 

proposed by [6]. The performance of GA was also compared 

to CPLEX 12.4 which is used to solve a mathematical model. 

It is found that GA can yield the better solutions when the 

number of suppliers is greater or equal to 50. [7] proposed a 

metaheuristic which adapts large neighborhood search 

scheme to solve some sub-problems. The proposed algorithm 

can determine a good compromise between cost and quality. 

A variable neighborhood search heuristic for the multi-

product multi-period IRP in fuel delivery was done by [8]. 

The multi-compartment homogeneous vehicles and the 

deterministic demand was in their interest. [9] presented a 

genetic algorithm for vendor managed inventory control 

system. GA was employed to find the order quantities and 

the maximum backorder levels so that the total inventory cost 

of the supply chain will be minimized. The routing of 

vehicles was not considered in their paper. The literatures on 

IRP can be found in [10-11] as well.  

In this paper, a genetic algorithm is proposed to solve the 

inventory routing problem with a homogeneous fleet of 

multi-compartment vehicles. The proposed GA is used to 

find the order quantity and the routes for distribution.  The 

computational experiments and results will be provided to 

evaluate the performance of GA. 

 

2. Problem definition and mathematical formulation 

 

The mathematical model for this IRP is adapted from 

[12]. Their mathematical model is modified to fit with multi-

product IRP. The objective function (1) is to minimize the 

total cost which consists of the traveling cost, the rental cost, 

holding cost, and ordering cost. There are important 
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constraints, such as the limitation of the maximum quantity 

of a fuel type up to tank capacity at customers in each period, 

the determination of the ending inventory in each period, the 

demand of a customer is satisfied without shortage and the 

restrictions of the routing and the vehicle fleet, etc. Notations 

of variables are as follows. 

 

Variables: 

 

 P is the number of products (p = 1,…,P); N is the number 

of customers (i, j = 1,…,N and j = 0  represents the depot); 

T is the number of periods (t = 1,…,T); K is the number of 

vehicles (k = 1,…,K); Ljp is the capacity of tanks of customer 

j on product p; Djpt is the demand of customer j on product p 

in period t; O is the ordering cost per time;   Hp  is the holding 

cost of product p; Bjp is the beginning inventory of customer 

j on product p; C is the shipping cost per km.; R is the rental 

cost per vehicle k; Sij is the distance from customer i to 

customer j; Cap is the capacity or number of compartment in 

a vehicle; M is the large positive value. 

 

Decision variables: 

 

 Qjpt is the order quantity of customer j on product p in 

period t; Ejpt is the ending inventory of customer j on product 

p in period t; Xijt is the number of times that the directed arc 

(i , j) is visited by vehicles in  period t; Yt is the the total of 

utilized vehicles in period t;  dit is the delivery quantity of 

customer i in period t; qijt is the quantity transported through 

the directed arc (i, j) in period t; Vjt is the decision on the 

ordering (1 if order is placed); Zkit is the quantity transported 

in vehicle k from depot to customer i in period t. 

The mathematical model for this IRP can be formulated 

as follows: 
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 This mathematical model will be solved by an 

optimization software, CPLEX 12.4. The objective is to 

minimize the total cost of IRP. Equality and inequality (2)-

(26) are utilized for the following constraints: the capacity of 

vehicle and fuel tank, demand of customers, inventory level, 

and routing constraint.  

 

3. Genetic algorithms for IRP 
 

Genetic algorithms which are stochastic search 

technique are employed to determine the optimal or near 

optimal solution. GA mechanism starts with the initial 

population or initial solutions. An individual solution in 

population is called a chromosome. The chromosomes will 

be evaluated their fitness. The evolution of chromosome 

occurs through successive generations. In each generation, 

new chromosomes called offspring are generated by two 

genetic operations including crossover and mutation. The 

chromosomes are selected to the genetic operation based on 

their fitness. The fitness of chromosomes finally converges 

to near optimal solution after certain generations.  

 

3.1. GA parameters 

 

To perform GA, we have to set up its parameters which 

are:  

 (1)  Population size (Pop_size): the number of 

chromosomes in each generation, 

 (2) Crossover rate (Pc): the probability for operating 

the crossover, and 
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Figure 1 The chromosome representation 

 

 
 

Figure 2 (a) Demand matrix, (b) Ordering matrix, (c) Order quantities for each product, (d) Delivery quantity matrix 

 

 (3) Mutation rate (Pm): the probability for operating 

the mutation. 

 

3.2 Chromosome representation 

 

For IRP, a chromosome comprises of 2 sections which 

are 1) the order quantity section and 2) the permutation of 

customer’s nodes as shown in Figure 1. A chromosome in 

the 1st section is specified by a binary of size (N × P× (T-1)). 

The value 1 in a bit of section 1 means an order have to be 

placed on that period; while the value 0 is otherwise. In the 

first period, the beginning inventory in each customer is zero; 

therefore all products of customers have to be ordered. Thus, 

the values in the first period for all products of all customers 

are 1 which is not displayed in the chromosomes. The back 

ordering is not allowed in this problem. For the 2nd section, 

the size of the chromosome is (N×T). Initial route in each 

period is defined by the sweep nearest algorithm (SWNA) 

that was presented by [13].   

Figure 1 illustrates an example of the chromosome 

representation for a problem that consists of 3 customers, 3 

periods and 2 types of fuel oil. Thus, the size of this 

chromosome in the 1st section is 12 bits and in section 2 is 9 

bits. In Figure 1, the first bit and second bit are 0 and 1, 

respectively. That means customer 1 places the orders have 

only on period 1 and 3. For the delivery in period 1, the 

sequence for routing is customer 2, 3 and 1. 

 The demand and the ordering data are depicted in Figure 

2 (a) and Figure 2 (b), respectively. Figure 2 (c) shows the 

total order quantity for each product in each period while 

Figure 2 (d) displays the delivery quantity in each period. 

 

3.3 The fitness value and evaluation function 

 

 The total cost can be find by decoding the chromosome. 

The delivery quantity in each period as in Figure 2 (d) is 

loaded to compartments of vehicles sequentially. The 

demand can be split. Routes are conducted by following the 

2nd section of the chromosome. The fitness of chromosomes 

has to be measured by evaluation function (Eval). In this 

paper, the objective function in equation (1) is utilized as 

fitness of each chromosome. However, there is the limitation 

of the maximum quantity of a fuel type up to tank capacity 

at customers in each period. Some chromosomes may be the 

infeasible ones; therefore the penalty is added to the 

objective function as follow: 

 

 

where  = a large positive value for penalty. 

 

3.4 Crossover operation 

  

In this IRP, the crossover procedure is to mate pairs of 

chromosomes in order to create the offsprings. The uniform 

crossover is used in the 1st section. The second section, we 

utilize partial mapped crossover (PMX) to exchange pairs of 

chromosomes. 

 

3.5 Mutation operation 

 

In the first section that is binary bits, binary mutation 

randomly selects bit and change it from 1 to 0 and vice versa. 

Number of bits to be mutated for a chromosome is equal to 

Pm x P x J x (N-1). The swap mutation is employed to 

perform the mutation for the 2nd section that is for the order 

delivery. 

 

3.6 Selection and termination rule 

 

This paper uses the roulette wheel to perform the 

selection process. The termination rule for this IRP is the 

maximum generation.  
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3.7 Local search method 

 

 2-Opt is a local search employed to improve the solution 

after GA operation. This paper proposed three solution 

procedures which are GA-I, GA-II and GA-III. The 

difference of each procedure is the maximum generations 

and the application of improvement by 2-Opt local search as 

shown in Table 1. 

 

Table 1 The maximum generations and the application of 

local search method for each solution procedure 

 

Solution procedures GA-I GA-II GA-III 

Maximum generations 1,000 1,000 500 

Application of 2–Opt No Yes Yes 

 

4. Experiment results and discussion 

 

In order to evaluate the performance of the proposed GA, 

test problems range from 5 to 100 customers are studied. The 

results of GA on the test problems are compared to the result 

of CPLEX 12.4 utilizing the mathematical model in section 

2. CPLEX 12.4 and the proposed GA are operated on the 

desktop PC with a 3.10 GHz - Core i5 processor with 4 GB 

of Ram.  

The data used in the test problems are shown in Table 2 

and Table 3. The holding cost per in each data set is obtained 

from a discrete random in [10%, 15%, 20%, 25%] of product 

cost. All customers have zero beginning inventory in the first 

period. The planning horizons are 5, 7 and 10 periods. The 

number of customers used in test problems are 5, 10, 20, 30, 

40, 50, 60, 75, and 100 customers. For all test problems, the 

computational time for solving the mathematical model by 

CPLEX 12.4 is limited at 3600 seconds. In computational 

experiments, parameters for GA-I, GA-II and GA-III are 

listed as follows:  

 Population size = 100, Crossover probability = 0.6 and 

Mutation probability = 0.4. 

 

Table 2 Data for ordering and transportation 

 

Rental 

cost 

Ordering 

cost 

Travelling 

cost 

Number of 

Compartments 

in each vehicle 

2200 100 10 16 

 
The solutions are presented in Table 4 that include the 

best integer, lower bound and % gap obtained from CPLEX 

12.4. The genetic algorithm is observed 5 runs for each test 

problem. The % different in solution between the upper 

bound from CPLEX 12.4 and the best objective from GA are 

calculated as following equation: 
 

 

CPLEX GA

CPLEX

Upper Bound -Best Objective
%Difference = ×100%.

Upper Bound

 

 The % Gap of the solution from CPLEX 12.4 can be 

calculated as following equation: 

  

CPLEX CPLEX

CPLEX

Upper Bound -Lower Bound
%Gap = ×100%.

Upper Bound

 

 From Table 4, GA-III and GA-II are better than GA-I. It 

implies the 2-Opt method improves the routing of GA-II and 

GA-III that is performed with the best chromosome in each 

run.  Although, GA-II can find the solutions that is better than 

the other solution procedures but it requires high 

computational time. Therefore, the maximum generation of 

GA-II is decreased from 1,000 generations to 500 

generations which is called GA-III. It is seen that the 

solutions of GA-III is not significantly different from GA-II. 

 CPLEX 12.4 cannot find the optimal solution within 

3,600 seconds for all test problems because of %Gap is not 

equal to zero. The complexity of this IRP can be obtained by 

multiplying the number customers by the number of periods. 

When the complexity is increased, for instant, the problem 

of 60C5T, 50C7T and 30C10T etc., GA with local search 

yields better solutions than CPLEX 12.4. It is noticed that the 

computational time of GA for all problems are lower than 

those of CPLEX 12.4 because CPLEX 12.4 are stopped by 

the time limit of 3,600 seconds. Moreover, it is also seen that 

GA with local search are able to find the solutions with low 

variation, since the %coefficient of variation (CV) of each 

problem is lower than 1%. 

 

5.  Conclusions 
 

 This paper proposes a genetic algorithm and the local 

search method to determine the order quantities in each 

period and the routes for the distribution the fluid products 

by utilizing the homogeneous fleet of vehicles with identical 

multi-compartment. The results from the computational 

experiments reveal that the proposed GA enables us to find 

the good quality of solutions within the reasonable 

computational time. When dealing with the high complexity 

of the problem, GA with local search outperforms than 

CPLEX 12.4. 
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Table 4 Computational results for CPLEX 12.4 and Genetic Algorithm 
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Time 
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CV 
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