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Abstract. The allocation of the merchandise to the different spaces available in 

the warehouses is a determining factor of the cost and the time of operation in 

said facilities, which is why it is important to establish the optimal storage 

positions, seeking better conditions of profitability and service for the Business. 

This article presents a multi-objective mathematical model to determine the 

allocation of the merchandise in the different spaces available in the warehouses, 

which simultaneously evaluates the operating costs and the times required to 

carry out the storage activities. The model is solved using a genetic algorithm, 

which due to the multiobjective nature, allows obtaining a set of possible 

accommodations of the merchandise, which can be used by the warehouse 

manager, sure that it will use an adequate allocation according to its preference 

in relation to the variables analyzed, which constitute an optimal relationship 

between the cost and the time required for storage. 

Keywords: warehousing, merchandise allocation, multi-objective model, 

genetic algorithm, optimization. 

1 Introduction 

Products allocation is one of the key activities in warehouses optimization, since the 

appropriate selection of the places where the merchandise must be stored is a key 

activity to reduce operative costs and time. It is possible due to the reduction of the 

distances and the efforts required moving the goods inside these facilities, which allows 

reducing the costs of material handling and labor hours, as well as the time required for 

internal operations and thus the time of order fulfillment. 

91

ISSN 1870-4069

Research in Computing Science 149(5), 2020pp. 91–99; rec. 2019-09-06; acc. 2019-10-07



In the specialized scientific literature, there are several mathematical models and 

information communication systems that allow to optimally assign the products on the 

warehouses’ shelves (Tompkins et al., 2010). However, these models normally only 

consider the individual optimization of one of the several objectives involved in real 

operation. This frequently leads to the optimization of the selected objective while 

negatively affecting  others objective functions to be optimized, which is not in 

accordance with the reality of the companies, in which all objectives and variables 

are important. 

This paper presents a multiobjective optimization model with the aim of 

simultaneously minimizing the product handling costs and the required time to fulfill 

the orders in an industrial warehouse. The model helps the decision maker people to 

make the decisions about the products allocation, considering both critical objectives 

for the warehouse performance. Due to the complexity of the optimization process, a 

multiobjective genetic algorithm of the type NSGAII (NonDominated sorting Genetic 

Algorithm II) was developed to solve the allocation mathematical model. 

The results produced by this genetic algorithm behave according to the model 

expectations, yielding not a single solution, but a set of possible solutions that 

simultaneously optimize both objective functions. The decision maker can select any 

of those solutions, based on its preferences, sure that each solution generates an optimal 

product allocation plan considering both functions for the warehouse. 

2 Product Assignation in Warehouses 

Warehouses are facilities dedicated to the storage and care of products in organizations 

with the purpose of create a buffer to deal with the demand and supply variations 

(Zapata-Cortes et al., 2019; Ballesteros et al ., 2019). Storage is responsible for the 

generation of  lots of cost in companies (Departamento Nacional de Planeación, 2018) 

due to the amount of economic, financial, personal and infrastructure resources required 

in such facilities for both the movement and storage of the goods (Chopra and Meindl, 

2013).On the other hand, storage is also responsible for the service level perceived by 

customers, since it affect the lead time, the orders fulfillment and the quality and 

conditions of the products (Frazelle and Soho, 2010). Both the cost and service level 

are key factors for company’s success (Chopra and Meindl, 2013). The costs 

optimization and the adequate service level are two of the main objectives pursued by 

warehouses’ administrators, which can be achieved through multiple initiatives such as 

reducing the unnecessary distances and movements, improving the use of space, 

equipment, labor, accessibility to all items, among others. 

These initiatives can be carried out through the use of information and 

communication technologies and information systems (Zapata et al., 2010), the 

appropriate facilities design (Arango et al., 2010) and the process optimization (De 

Koster et al., 2007). The use of technologies such as WMS (Warehouse Management 

System), barcode, radio frequency identification, among others, can increase the 

warehouse performance, reduce costs and improve the service levels of the storage 

operations (Zapata et al. , 2010). 
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An adequate design and the use of the right equipment and technology in the 

handling and storage processes, also impacts positively the performance of the 

warehouse. (Thomkins et al., 2010). The optimization refers to the adequate 

programming and allocation of people, equipment and materials, which can be done 

through mathematical procedures to determine the necessary resources, the optimal 

travel distances inside the warehouse for both the movement of people and equipment, 

the correct product location, the adequate quantities to be stored, among other activities 

(De Koster et al., 2007, Thomkins et al., 2010). 

One alternative to improve the costs and response time in warehouse operations is 

to minimize the average travel distance, which means reducing the total distance to be 

travel in the warehouse (De Koster et al., 2007; Arango et al., 2010). This can be done 

by properly selecting the places where the goods should be located, which reduces the 

time and cost required to reach their storage positions (Zapata et a., 2019). 

Many works and models found in the scientific literature consider the study of the 

single cost or operating time optimization (Sanei et al., 2011; Kovács, 2011; van Wijk 

et al., 2013; Zapata et al., 2019), while others researches perform joint optimization 

processes of several objectives (Ramtin & Pazour, 2015; Quintanilla et al., 2015; Hu et 

al. 2012), which allow to take decisions more in line with reality, where several 

objectives are important for the correct warehouse performance. 

Multiobjective optimization differs from the conventional single-objective 

optimization since it does not generate a single solution, but a set of possible optimal 

solutions, from which the decision maker can select any according his preferences. This 

set of optimal solutions is known as the Pareto Frontier, where the improvement of one 

objective may result in the decrease of another or more objectives (Shenfield et 

al., 2007). 

The Pareto frontier can be obtained with the use of conventional (classical) or 

through heuristic techniques (López et al., 2009). Classical methods present several 

disadvantages in the multi-objective optimization, since they require a high number of 

iterations to find the Pareto frontier, a prior knowledge of the problem domain, some 

of these methods are sensitive to the form or continuity of the Pareto frontier (López et 

al., 2009) and finding a satisfactory solution becomes increasingly complex as the 

number of objectives increase (Fonseca & Fleming, 1995). Heuristic methods allow to 

face the above-mentioned problems, finding good solutions (close to the optimal) in a 

reasonable processing time. Authors such as González (2013) and López et al., (2009) 

have analyzed the most used metaheuristic techniques to solve multiobjective 

optimization problems, among which are the NSGA and NSGA-II- (Nondominated 

Sorting Genetic Algorithm), SPEA and SPEA2 (Strength Pareto Evolutionary 

Algorithm), PAES (Pareto Archived Evolution Strategy), Multi-Objective Variable 

Environment Search (MO-VNS). 

3 Multiobjective Model for Product Allocation in Warehouses 

The product allocation to the different positions in the warehouse can be done by 

optimizing the costs or time required to perform all the warehouse operations, which is 
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possible through the objective function presented in equation 1. This equation 

represents the costs minimization for the allocation problem where there are multiple 

products and several collecting/delivery points in the warehouse (Tompkins et 

al., 2010): 

𝐹1 = 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑ ∑
𝑇𝑗

𝑆𝑗

𝑞

𝑘=1

𝑛

𝑗=1

∑ 𝑝𝑖𝑐𝑖𝑘𝑥𝑗𝑘

𝑚

𝑖=1

, (1) 

𝑥𝑗𝑘 is the binary decision variable , which takes the value of 1 if product j is assigned 

to position k or zero otherwise. The parameters description in the objective function is: 

− n is the number of products. 

− q is the number of storage positions. 

− m is the number of origin/delivery points in the warehouse. 

− 𝑇𝑗 is  the number of storage trips (input-output) for product j. 

− 𝑆𝑗 is the number of storage positions required for product j. 

− 𝑝𝑖 . is the percentage of trips to go to i and return. 

− 𝑐𝑖𝑘 is the cost of travel from point i to the storage location k. 

The objective function F1 can be modified to optimize the time required to fulfill the 

orders. It can be done by replacing the costs (𝑐𝑖𝑘) with the time required to perform this 

activity (𝑡𝑖𝑘: time required to go from i to the storage position k). This generates the 

second objective function of the proposed model, presented in equation 2: 

𝐹2 = 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑ ∑
𝑇𝑗

𝑆𝑗

𝑞

𝑘=1

𝑛

𝑗=1

∑ 𝑝𝑖𝑡𝑖𝑘𝑥𝑗𝑘

𝑚

𝑖=1

. (2) 

In this way, the model contemplates the costs and time for the expected travels 

distances for any product j from each origin point to its storage position k, which is 

represented by the term 𝑝𝑖𝑑𝑖𝑘𝑥𝑗𝑘. 

In addition, each objective function contemplates the movements intensity in terms 

of the storage positions with the term 
𝑇𝑗

𝑆𝑗
  required for each product J. With this, the total 

cost and time for the established operation time 𝑇𝑗. are calculated. 

Those objective functions are  subject to the following constraints: 

∑ 𝑥𝑗𝑘 = 1                𝑘 = 𝑎, … , 𝑞

𝑛

𝑗=1

 , (3) 

∑ 𝑥𝑗𝑘 = 𝑆𝑗                𝑗 = 𝑎, … , 𝑛.

𝑞

𝑘=1

 (4) 

The probability that each item j travels from point i to each position k is the same 

for all products. Constraint 3 ensures that product j is assigned to position k only once. 

That is, only a product j can be assigned to a position k. Constraint 4 indicates that the 

quantity of products j assigned to positions k must be equal to the storage requirement 

(required spaces) for product j. 
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4 Multiobjective Genetic Algorithm for the Product 

Allocation Optimization 

For the solution of the multiobjective model presented above, a genetic algorithm 

NSGAII (NonDominated Sorting Genetic Algorithm-II) was developed. This type of 

algorithm is one the most used multiobjective evolutionary optimization algorithms in 

the scientific literature (Zapata, 2016). Unlike many evolutionary algorithms, the 

NSGAII has the ability to work easily with the classification of individuals according 

to the non-dominance criterion. It also prevents the loss of good solutions since it 

constantly evaluates new and old individuals and contemplates the concept of diversity 

among them. 

In the NSGAII algorithm, an initial population Pt = 0 of size N is randomly created, 

which is organized according to the non-dominance of the individuals. This process is 

carried out through an iterative procedure in which different levels of non-dominance 

are determined, that is: Pareto Borders are obtained by separating the non-dominated 

solutions from the rest and then the non-dominated individuals are classified again with 

the non-dominance criterion. This process is carried out until all individual of the 

population is assigned to its non-dominance level. (Correa et al., 2008). 

From this initial population, a new temporary population Q0 of size N is generated 

(Offspring population), through the selection, crossover and mutation operators of the 

genetic algorithm. These populations are combined to form a population Rt of size 2N 

(Pt + Qt) which is ordered according to the non-dominance levels, thus ensuring elitism 

in the algorithm. From the different levels of non-dominance (Pareto borders) of Rt, a 

new population Pt + 1 is created including (accommodating) the individuals at the best 

levels of non-dominance (First Pareto borders) (Deb et al., 2002; Zapata, 2019). 

Every individual in the NSGAII algorithm are represented as a vector of integers 

numbers (chromosome), in which each position i represents a storage position, as 

shown in Figure 1. To each position i, an integer number from zero to the number of 

different types of products is assigned, so the sum of positions with the same number 

is equal to the number of spaces in the warehouse required to storage such product. In 

this representation, a value 0 means that this space is empty. 

The selection of individuals is made by tournament with size m (m = 5% of the 

population size) which are randomly selected. These individuals are compared and 

selected according to the non-dominance and the dispersion criterion (Crowing 

Distance) (Correa et al., 2008). 

 

Fig. 1. Chromosome used for the product allocation problem. 

95

Multi-Objective Product Allocation Model in Warehouses

Research in Computing Science 149(5), 2020ISSN 1870-4069



The crossover operator is performed by determining two points randomly selected, 

from which the parents' genetic information is exchanged to the children, as presented 

in Figure 2. To ensure the genetic feasibility of each child, a verify and adjust process 

is performed after the crossover. 

The mutation operator is carried in two parts: in the first part, two positions are 

selected randomly and if the products in the positions are different, these are are 

exchanged. If the genes are the same, a new random selection is carried out until they 

are different. The second part is similar to the previous one, but this ensures that one of 

the positions randomly selected is empty, which gives the algorithm a greater 

search capability. 

The conservation of the best individuals in the upcoming generations is implicit in 

the NSGAII algorithm, which ensures the elitism, as mentioned previously. The fitness 

function is evaluated by calculating the cost and time to allocate the products, as 

expressed in the objective functions equation presented above. 

5 Discussion and Analysis of Results 

The NSGAII algorithm was applied to solve the allocation problem in a company with 

2500 storage positions and 3 products. The algorithm ran with a population of 100 

individuals, 200 generations and a mutation percentage of 0.2. The number of optimal 

individuals in the Pareto frontier produced by the algorithm is 12 and their objective 

function values are presented in table 1. 

 

Fig. 2. Crossover operator for product allocation problem. 

Table 1. Solution individuals in the Pareto frontier. 

Individual Time Cost Individual Time Cost 

1 40094 22549 7 39893 22600 

2 40001 22577 8 40045 22557 

3 39846 22729 9 39913 22591 

4 40004 22573 10 39972 22578 

5 39920 22579 11 39855 22723 

6 40009 22563 12 39888 22722 
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Those individual can be graphically presented in order to observe the Pareto frontier 

behavior in relation to the two objective functions, as presented in Figure 2. 

From figure 2 it can be observed that both objective functions are contradictory, that 

is, the individual that generates the allocation plan with the best costs also produces the 

worst cost and conversely. In this way, all individuals in the Pareto frontier are optimal 

combination of the two objectives and the decision maker can select the one he 

considers that best suits its preferences and also can be sure that no solution is worse or 

better than any other. 

Each of these individuals generates a product allocation plan in the warehouse, 

indicating what type of product should be storage in each space, as it is defined by the 

chromosome representation in the genetic algorithm. In this way, it is easy for the 

decision maker to convert the answer of the algorithm(the individuals) into the 

warehouse allocation plan. Because to the size of the table that represent each individual 

solution (a vector with 2500 positions), their presentation is omitted in this paper. 

6 Conclusions 

This work presented a product allocation model that contemplates the simultaneous 

optimization of two fundamental objectives for the correct operation and performance 

in warehouses, which are the costs and the time to fulfil the orders and make the 

operations. In this way, for the operative plans, managers can find a relationship 

between these two objective functions that ensures a combination that optimizes both 

criteria at the same time. 

Due to the complexity of the proposed model and the disadvantages of the classic 

methods to solve multiobjective problems, a genetic algorithm NSGAII was developed, 

which used an easy-to-understand representation that facilitates the algorithm operation 

and the conversion of the solutions into the product allocation plan in warehouses. The 

algorithm ran according to it was expected, generating the Pareto frontier of optimal 

individuals, from which the decision maker can select any solutions, with the assurance 

of using an optimal allocation plan in relation to the cost and service time in 

the warehouse. 

 

Fig. 2. Pareto Frontier. 
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As future research work, it is recommended to integrate this model into an 

information system that not only allows the development of optimal allocation plans, 

but also provide guidance to workers about the location of the products. In addition, as 

future research lines, it is suggested to analyze other objective functions to optimize, 

such as the required area for the allocation plans in the warehouse and other variables, 

such as costs and times of order preparation. 
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