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Abstract: In this paper the Quay Management Problem (QMP) is defined as a Quadratic Assignment 
problem (QAP) which consists of assigning customers to loading positions and satisfying their 
demands. This work aims to help the decision maker to assign customer to a list of possible loading 
positions, select storage areas to serve the customer and to assign a number of lifting trucks to each 
loading position. This work means to minimise cost and residence time. A Genetic Algorithm is 
applied to find the best solution to the problem. The nearest neighbours exploration is used with 
recombination procedure and maintaining the elements with the lower cost. The best solution found is 
always saved. The GA has performed better in terms of computational time for the different instances 
tested. 
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INTRODUCTION 

 
 The Quay Management Problem (QMP) can be formulated as a Quadratic Assignment Problem (QAP). In 
fact, the problem can be expressed as a double assignment of the customers to positions, and products to 
customers (Oughalime and Zirour, 2001). The QAP is one of the combinatorial optimisation problems with 
practical applications in real life. In 1957, Koopmans and Beckman introduced the QAP, where trying to model 
a facilities location problem (Zhang, et al., 2010). Since then, it has become one of the combinatorial 
optimisation problems that are most studied (Commander, et al., 2005). The QAP has been considered as one of 
the most difficult optimization problems (Drezner, 2005). Many studies on QAP have been done by 
mathematicians, computer scientists, operations research analysts, and economists to model a variety of 
optimisation problems (Commander, C.W., 2005). The QAP has many practical applications, such as backboard 
wiring on electronic circuits or the design of typewriter keyboards and control panels (Burkard, et al., 1984).  
 Furthermore, the QAP has been used in facility location problems, in particular hospital planning and in 
finding locations for new buildings of a campus. Besides the domains of engineering and design, a new 
application of the QAP in biology has been discovered in the context of indirect gradient analysis (Haupt, S.E., 
and R.L. Haupt, 2003). The methods employed in combinatorial optimisation problems can be exact or heuristic 
(Goldbarg et al., 2008, Puris et al., 2010). For the exact methods, the strategies most used are branch-and-
bound, cutting planes or combinations of these methods, like branch-and-cut and dynamic programming 
(Loiola, et al., 2007, Povh and Rendl, 2009). For the second method, many heuristic techniques could be used 
using various concepts such as Improvements methods, Simulated Annealing (SA) and Genetic Algorithms 
(GA) (Commander, et al., 2005). Evidently, heuristic algorithms must be employed when attempting to solve 
large scale forms of the LAP (Misevicius, 2004). The motivation underlying GAs can be expressed as follows: 
Evolution has been remarkably successful in developing complex and well-adapted species through relatively 
simple evolutionary mechanisms (Ahuja et al., 2000). 
 It has been proven that the QAP is NP-hard, i.e. there are no polynomial algorithms which give an exact 
optimal solution in polynomial time. Therefore heuristic approaches have to be used for solving medium- and 
large-scale QAPs (Duman and I. Or, 2007, James et al., 2009). Since 1994, however, several authors have 
applied Genetic Algorithms to QAPs. GAs have proven to be effective on a variety of problems (Duman, E and 
I. 2007). 
 In this paper the development of a Genetic Algorithm (GA) for a QMP is presented. The organisation of the 
paper is as follows: section 2 presents the overview of the problem, section 3 describes the QMP model, section 
4 presents the GA implementation and Section 5 shows the results achieved. The last section gives the 
concluding remarks and suggestions for further work. 

 
Overview Of The Problem: 

In this work, we are dealing with a real application for a beverage company (Oughalime, A., and M. Zirour, 
2001). To serve the customers, the factory uses the lifting trucks to load the products onto the customer truck 
from various storage sections. This work aims at developing a system that provides an optimal loading positions 
for the customer trucks and the optimal sections from where the products should be sourced in order to minimise 
the time spent by the customers in order to be served. This time is called “residence time”. This work deals with 
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the problem where there are a number of customer trucks that need to be served simultaneously. Furthermore, 
each customer may request multiple products that are located at various storage sections in the warehouses as 
illustrated in Figure 1.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
Fig, 1: Distribution of Storage Sections and Loading Positions 
 
An example of such assignment can be shown graphically as in Figure 2. 

 
 
 

 
 
 
 
 
 

                                                        
                            
Fig, 2: Assignment of Customer Truck and Products to Loading Position 
 
 This work aims at developing a system that provides the optimal: (i) loading positions for the customer 
trucks, (ii) sections from where the products should be sourced, and (iii) number of lifting truck to be assigned 
to each loading position. We classify this problem as a kind of the QAP where we have a double-assignment, i.e. 
assignment of customer trucks to positions and products to customer trucks (Figure 2). 
 In order to solve the presented QMP, the management of the loading process is crucial. In the loading 
process, customers are assigned to positions and their demands are sourced from different storage sections. The 
loading time is the main cost to be minimised. It represents the necessary time to fulfil a customer demand. 

 
QMP Model 

 
To assign customers to positions, binary variable are used which determine either the customer k is assigned 

to position “i” or not. Let Xik be the binary variable where: 
 

1   if the customer k is at position i. 
Xik =  

0   otherwise. 

Customer truck 

Position (i) 

Storage section (j) 

Store 01 Store M. .  . . . . . . 

Sec 01 ………  Sec 01 ……… 

  ……….   

 

Loading positions      2 3 N 

Storage sections 
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 In addition, to calculate the quantity of product “l” transferred from the section “j” towards the customer 
“k” a triple subscripted variable is defined. Let Qljk be the variable which takes integer values, where: 
Qljk = quantity of product “l” transferred from the section “j” towards the customer “k”. 

 
 The constraints are made to control the system solution for being applicable on the problem reality, the 
following constraints to ensure that: the group of customers has to be assigned to the available positions 
(Equation 1), each customer is assigned to only one position (Equation 2) and the request of each assigned 
customer must be satisfied (Equation 3): 
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where Dk l = the demanded quantity of product “l” for customer “k”. 
In this work, the objective function (Y) aims to minimise the residence time of a group of customers, this could 
be written as follow (Equation 4): 

Min  
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where ikC = cost for customer “k” in position “i”. 

 
 

Solution Approach: 
 The approach proposed to solve the QMP is based on a combination of a Greedy Algorithm and GA. The 
coding, the first important point in GAs, is the code of the genes (elements). The genes of each individual 
(solution) of the population are coded in a chromosome (Coelho 2004). In this work, each individual (solution) 
is thus coded as a vector of integer values such that the positions are represented by the element of the vector 
and the customers are the values of these elements. Figure 3 shows an example of the coding. The vector is 
constituted of seven elements which represent the positions on the quay of loading. For example, in this 
solution, customer 4 is assigned to position P1, customer 6 is assigned to position P2 and so on.  
  
 

4 6 2 7 1 5 3 

  
Fig, 3: The GA Coding 
 
 The Greedy Algorithm has been used to provide the initial solution and the GA to find the best solution. 
Then, the nearest neighbour is explored using recombination procedures and the elements with the lower costs 
have been maintained. The best solution found is always saved. 
 The finding of the initial solution is based on a randomised greedy algorithm to assign lifting trucks and 
customer trucks to positions. Customers are assigned one by one to their respective position. The nearest 
position to the storage section that contains the product with the highest demand for the customer is chosen. 
Since a customer truck is assigned to a particular fixed position, all the customer demands will be satisfied at 
that position. 
 The GA parameters have a big impact on the speed of convergence as well as on the success of the 
optimization (Gosselin et al., 2009). The GA is characterised by four principal parameters. Each of the 
parameters is implemented as follow: 

 
 
 
 

   P1           P2           P3            P4          P5           P6           P7 
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(a) Selection: 
A mechanism for selecting two individuals (two feasible solutions of the problem) from the population, 

known as the two parents, to apply the crossover and mutation operators. In our case the actual solution with 
another feasible solution generated randomly are chosen. 

 
(b) Crossover: 

 An operator for creating new individuals called the offspring (or child) by combining the information 
contained in the previous individuals (also called recombination). We preserve two customers with the lowest 
cost from the current solution (parent 1) at the same positions in the child (fixed positions). Then, we scan the 
customers in the new randomly generated solution (parent 2) from left to right, and assign them to the same 
positions in the child if they have not been assigned yet, and the positions has not been occupied.  

 
(c) Mutation: 

A process of replacing poor members of the current population by bringing in new individuals. It refers to 
the procedure for generating a new solution by random perturbations of a single previous solution. In our case, it 
refers to the process of assigning the remaining customers, i.e. those with their corresponding positions already 
occupied by the preserved customers, to the remaining free positions in the child randomly. 

 
(d) Culling: 

 a rule for updating the population (culling solutions from the current population). When evaluations of 
solutions achieved are done, solutions with high cost will be eliminated (high residence time).  
 Besides that, a maximum number of iterations for the number of generations to be considered is determined 
empirically and is denoted by G in Figure 4. The figure shows the overall approach used in solving the QAP 
using GA. 
 In GA the crossover is the intensification operator to improve the solution. However, the starting solution 
associated may conduct to areas where local optimums are dominant. Therefore, the mutation operator is taking 
place to make a small diversification to the neighbourhood without letting the new child to lose resemblance to 
the parent. Even though getting a local optimum is still probable, sufficient diversification is crucial to avoid a 
local optimum. 
 The diversification method consist to replace the current solution with a random solution, if there is no 
improvement of the best met solution after a certain number of iterations, called ‘stage’. In other words, a new 
parent is replaced in and the GA process is repeated at every cycle of ‘stage’. This continues until the maximum 
number of iterations is surpassed. This approach is best illustrated by using a flowchart as shown in Figure 4. 
The variable Iteration refers to the overall number of iteration, whereas the variable Iteration2 refers to counter 
for determining the stage for replacing a new solution into the GA. 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
Fig, 4: Overall Approach Using GA 
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The main program is as follow (Figure 5): 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 5: Pseudo Code for GA 
 

RESULTS AND DISCUSSION 
 
 The formulated problem has been computed using Borland Delphi 6 and tested for 3 instances. The first 
instance considers 7 loading positions, 7 customers and 10 lifting trucks. For the second instance, the number of 
customers has been reduced to 5 while still have 7 loading positions, and 10 lifting trucks. The third assumes 
that there are 15 positions, 15 customers and 20 lifting trucks. The results obtained are presented in tables 1– 3: 
 
Table 1: GA Result for the 1st Instance 

Client Position Lifting truck  Residence time (hh:mm:ss) 

001 3 1 01 :13 :42  

002 6 2 00 :52 :23  

003 4 2 00 :50 :37  

004 7 2 00 :56 :13  

005 2 1 00 :49 :08  

006 1 1 00 :43 :20  

007 5 1 01 :14 :25  

Average time  00 :42 : 50  

 
Table 2: GA Result for the 2nd Instance 

Client Position Lifting truck Residence time (hh:mm:ss) 

001 3 2 00 :43 :00  

002 4 2 00 :50 :13  

003 5 2 00 :44 :50  

004 2 3 00 :42 :50  

005 1 1 00 :48 :02  

Average time 00 :45 : 47  

 
Table 3: GA Result for the 3rd Instance 

Client Position Lifting truck  Residence time (hh:mm:ss) 

001 5 1 01 :05 :16  

002 4 2 00 :50 :32  

003 9 1 01 :13 :46  

004 7 2 00 :56 :13  

005 3 1 00 :52 :13  

006 1 1 00 :43 :20  

007 15 2 00 :53 :06  

008 8 2 00 :57 :40  

009 11 2 00 :44 :55  

Begin 
Initialisation; 
Solution_initiale ; 
G:=StrToInt(Gen_iter.text); 
Generate_new_child; 
Calculate_time; 
If New_cost< best_cost then 
best_solution:= actual_solution; 
If iteration2 = stage then 
While G <> 0 do 
Begin 
Solution_Aleatoire; 
Next_Gen; 
Endwhile; 
Opt_solution:=Best_solution; 
Stock_update; 
End; 
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010 2 1 01 :12 :26  

011 13 1 01 :17 :13  

012 12 1 01 :09 :29  

013 14 1 01 :13 :43  

014 6 1 01 :09 :09  

015 10 1 01 :22 :26  

Average time 00 :47 : 47  

 
 The results obtained show that the GA has given almost identical results comparing to previous results 
obtained using Tabu Search (TS) and Simulated Annealing (SA) (Oughalime and Zirour 2001). For the first 
instance, TS has produced a slightly better solution. However, the GA has given approximately the same 
average residence time as TS, and is better than SA. On the other hand, the GA has given nearly identical results 
with SA but better than TS in the second instance. Meanwhile, in the third instance, the GA has given the same 
results with the TS and SA. 
 The GA, TS and SA have given partially identical solutions, i.e., partial similarity of assignment of 
customers. These partial similarities have caused the results to be approximately the same. For example, in the 
first instance, customers 3, 5 and 6, which have the 3 smaller residence times among the group, are assigned to 
positions 4, 7 and 1 respectively in all the three methods. Moreover, the methods may give the same assignment 
of customers as is in the case of the third instance. 
 It has been shown that the GA required approximately the same time in finding the best solution comparing 
to other methods applied; SA and TS. For a small number of iterations (less than 100), the results have been 
produced in less than 5 seconds. In addition, when we increase the number of iterations the computational time 
increases almost proportionally. Also, the GA gives its best solution in shorter time compared to SA and TS in 
most cases. It also requires only about 100 iterations to get to the best solution in most of the cases tested. 
Besides speed advantage, the GA implemented has solved the assignment problems in quay management 
involving multiple lifting trucks. 
 The fitness represents the average residence time of the group of the customers. Figure 6 shows how the 
GA has converged rapidly to the best solution instance tested. It is shown that it has given its best solution at the 
fifty-fourth iteration. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 6: Fitness graph of GA 

 
Conclusion: 
 In this paper the QMP for a beverage company was identified and formulated as a kind of QAP. 
Computational experiments were conducted to test the performance of a GA to solve the mixed quadratic 
programming. The model has been implemented with a number of constraints and the use of a number of lifting 
trucks for fetching the products from the storage sections to the customer trucks. To the best of our knowledge 
till now, this is the first reported novel implementation of such a QAP. A Greedy Algorithm and enhanced GA 
for the QMP have been introduced.  
 This is in view of the interesting properties of the GA and many successful GA-based strategies in solving 
global optimisation problems in general, and the QAPs in specific. In view of the experimental results obtained, 
the GA performs almost identically to the TS and SA in terms of residence time produced, and is even better in 
terms of computational time for the different instances tested. The GA requires only about 100 iterations to get 

 
iterations
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to the best solution in most of the cases tested, whereas the TS requires about 1000 iterations, and the SA about 
500 iterations. Based on the previous experience (Oughalime and Zirour 2001), the results and the 
computational time achieved suggest that the application developed is deemed practical and helpful to the 
management. Besides, Comparison with previous work has led to an implementation of Hybrid GA for better 
improvements of the results. 
 Finally, since different companies have different needs, requirement and constraints, the model presented 
shall be used only as a guideline to develop an appropriate model for a given similar problem. 
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