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Abstract 

A (meta-)heuristic in the form of a Genetic Algorithm (GA) is developed in order to fortify the so-called 
Carrier Assignment Advise (CAA) that is generated by a Cross-Chain Control Center (4C) developed by Jan 
de Rijk Logistics (JDR). The GA searches for the most optimal assignment of shipments to carriers regarding 
a multi-criterion optimization function within bounded time. The problem is approached as a Variable 
Sized Bin Packing Problem (VSBPP) and the design science cycle (Wieringa, 2014) is used to guide the 
research. 

It is stated that ‘optimality’ is defined by the fitness function in place, and the proposed solution by the 
GA is only to be compared with a benchmark solution to define relative optimality.  The Ordered First Fit 
algorithm in Baxter et. al (2002) is used as the benchmark solution. The proposed GA is found to be at 
least as good as the Ordered First Fit algorithm and is able to handle approximately problem sizes of 3.000 
shipments with their corresponding carriers within a time window of 10 minutes.  
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Executive summary  

A (meta-)heuristic in the form of a Genetic Algorithm (GA) is developed in order to fortify the so-called 
Carrier Assignment Advise (CAA) that is generated by a Cross-Chain Control Center (4C) developed by Jan 
de Rijk Logistics (JDR). The GA searches for the most optimal assignment of shipments to carriers regarding 
a multi-criterion optimization function within bounded time. The problem is approached as a Variable 
Sized Bin Packing Problem (VSBPP) and the design science cycle (Wieringa, 2014) is used to guide the 
research.  

The operational planners of JDR have to deal with the assignment of shipments to carriers to successfully 
plan the daily operation. They have to consider multiple parameters and variables of shipments, to design 
efficient transportation plans. JDR has developed a Cross-Chain Control Center (4C) by the means to 
support their transport planners with the assignment of shipments to carriers by creating an overview 
and calculating several Carrier Assignment Advices (CAA). The goal of such a 4C is to bring shippers and 
carriers together to obtain better insights in available transport capacity with the goal of minimizing empty 
miles and maximizing the capacity usage of each truck. This is established by sharing information about 
available assets and required shipments across different chains (Fransoo, 2014).  

Several stakeholders thrive by the development of this control center. They are all concerned with the 
assignment of shipments to carriers. Three factors complicate the assignment of shipments to carriers; 
Time pressure, problem size and optimization criteria have a significant impact on the generated 
assignment (CAA). A fundamental concept of this research is the term ‘optimality’ which raises two 
questions: 

- What is optimality? 
- How optimal is the proposed solution?  

Primarily, due to different stakeholders, with plausibly contradictive requirements, and several 
optimization criteria, it is possible that a pareto optimal solutions has to be found; there is no standard 
measure available that evaluates the relative optimality of a certain assignment of shipments to carriers.  

Secondarily, if an optimization function, a so called fitness function, is established in unity with all the 
stakeholders, the fact that our problem originates from the group of combinatorial optimization problems 
and the nature of GAs, it is inherited that one is not guaranteed to find the most optimal assignment at 
all (Geetha, Poonthalir, & Vanathi, 2009).  

The generation of the Carrier Assignment Advice (CAA) involves two sequential processes; calculation of 
transport options and combination of shipments. A transport option is defined as a feasible transport 
entity that has matching characteristics and is able to transport the shipments with respect to the 
demands of the shipper. For every shipment individually, multiple transport options are listed from best 
to worst. In the combination run, the shipments with matching transport options are clustered into a 
Variable Size Bin Packing Problem (VSBPP).  
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The general BPP is describes as follows: given a set of numbers and a set of bins of fixed capacity, the 
problem is to find the minimum number of bins needed to contain all of the numbers (Junkermeier, 2015). 
The VSBPP adds the requirement that bins could be of variable size. Regarding the problem context of JDR 
one could sate: ‘The objective of packing shipments of different volumes into a finite number of carriers of 
variable size (available loading meters), according to an optimization function.’ 

In literature, different (meta-)heuristics and algorithms where found of which Genetic Algorithms (GAs) 
where found most appropriate. GAs use the mechanics of natural selection and natural genetics referred 
to as ‘survival of the fittest’. The basic operation of a GA is simple. First a population of feasible solutions 
to a problem is developed. Next, the better solutions are recombined with each other to form some new 
solutions. Finally, the new solutions are used to replace the poorer of the original solutions and the 
process is repeated so that the overall fitness of the population is increasing every iteration 
(Transportation Research Board, 2007). The pseudo code proposed by Baxter, Hastings, Law, & Glass 
(2002) and C. R. Reeves (2005) was used for further guidance of the configuration of the GA: 

Choose an initial population of chromosomes;  
while termination condition not satisfied do  
 repeat 
  if crossover condition satisfied then 
  {select parent chromosome; choose crossover parameters;  
  perform crossover}; 
  if mutation condition satisfied then 
  {select chromosome(s) for mutation; choose mutation points; 
  perform mutation}; 
  evaluate fitness of offspring 
 until sufficient offspring created; 
 select new population; 
end while 

The configuration of the GA is based on literature references and configured by simulation. The proposed 
GA is found in Table A. The GA is based on permutation encoding which implicates the use of a hybrid GA. 
The GA searches for a permutation of shipments that when presented to the allocation algorithm Ordered 
First Fit (Baxter et al., 2002), will generate an optimal assignment.  

It is stated that ‘optimality’ is defined by the fitness function in place, and the proposed solution by the 
GA is only to be compared with a benchmark solution to define relative optimality. The fitness function in 
place consist of the Falkenauer and Delchambre fillrate and a penalty function: 

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝑟𝑟𝑓𝑓 ∗  𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑟𝑟𝑟𝑟 ∗ 𝑃𝑃𝑛𝑛 

The Falkenauer and Delchambre fillrate is based on the fact that the better the bins are filled, the least 
space is wasted. In addition it is better to have one filled bin and one less filled bin than two equally filled 
bins. The penalty function is established with the goal to assign shipments to their most preferred 
transport options while minimizing the total number of unassigned orders. The fitness function is flexible 
in the sense that both 𝑟𝑟𝑓𝑓 𝑎𝑎𝑓𝑓𝑎𝑎 𝑟𝑟𝑟𝑟 decide to what extend a function is inherited in the final fitness of an 
solution.  
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The performance of the GA is compared with the benchmark solution that is created by the Ordered First 
Fit algorithm (OFF algorithm). One can give the relative distance between the fitness of the GA and the 
fitness OFF, but this measure is not valuable because this will differ for every problem instance. The 
performance measure used is ‘the times the GA solution is better than the OFF solution’. Calculation time 
is often taken into account as well.  

In conclusion, Figure A illustrates the performance of the proposed GA. The proposed CAA generated by 
the GA is found to be at least as good as the OFF assignment and its potential is marked red in Figure A. It 
is approximated that the GA is able to handle a problem size of 3.000 shipments with their corresponding 
carriers within a time window of 10 minutes.  

  

FIGURE A OPTIMALITY OF THE SOLUTION FOUND 
BY THE GA 
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TABLE A: PROPOSED FINAL GA FOR SOLVING THE VSBPP WITHIN BOUNDED TIME 

Pseudo code 
(steps) 

Technique used Formula Parameters Values 

Encoding Permutation  N/A N/A N/A 
Initial 
population 

Size of the initial 
population  

𝑆𝑆 = 10𝑞𝑞 + 1.666𝑞𝑞 ∗ log (𝑙𝑙)       [23] 𝑆𝑆  number of chromosomes in the 
initial population 
𝑞𝑞   cardinality of the alleles 
𝑙𝑙   length of the chromosome 

𝑞𝑞 = 8  

Fitness 
function 

Falkenauer and 
Delchambre 𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 =

∑ �
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
𝐶𝐶𝑓𝑓

�
𝑘𝑘

𝑓𝑓=1…𝑁𝑁

𝑁𝑁
                       [26] 

𝑁𝑁 number of bins used 
𝐶𝐶𝑖𝑖 available capacity of carrier 𝑓𝑓 
𝑘𝑘 ≥ 1 constant for the fillrate  

𝑘𝑘 = 1.19  

N/A 𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑖𝑖 = (13 −
𝑎𝑎𝑎𝑎𝑎𝑎𝑓𝑓𝑙𝑙𝑎𝑎𝑎𝑎𝑙𝑙𝑓𝑓 𝐿𝐿𝐿𝐿𝑎𝑎𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿 𝑚𝑚𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑓𝑓𝑖𝑖) +
𝑎𝑎𝑓𝑓𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓𝑓𝑓𝑎𝑎 𝑓𝑓ℎ𝑓𝑓𝑖𝑖𝑚𝑚𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑖𝑖                [25] 

𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑖𝑖 is the sum of the shipments 
assigned to a carrier 

N/A 

Ranking  𝑃𝑃 = (𝐿𝐿𝑀𝑀1 ∗ 𝑖𝑖1) + (𝐿𝐿𝑀𝑀2 ∗ 𝑖𝑖2) +
(𝐿𝐿𝑀𝑀3 ∗ 𝑖𝑖3) + (𝐿𝐿𝑀𝑀𝐿𝐿 ∗ 𝑖𝑖𝐿𝐿)          [27] 

𝑃𝑃 total penalty 
𝐿𝐿𝑀𝑀1…𝑢𝑢 total loading meters 
assigned to option 1 …𝐿𝐿 with 𝐿𝐿 
unassigned 
𝑖𝑖1…𝑢𝑢 is the penalty for each option 

𝑖𝑖1 = 0  
𝑖𝑖2 = 1  
𝑖𝑖3 = 2  
𝑖𝑖𝑢𝑢 = 18  
 

Combination of fitness 
functions 

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝑟𝑟𝑓𝑓 ∗  𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑟𝑟𝑟𝑟 ∗ 𝑃𝑃𝑛𝑛    [28] 𝑟𝑟𝑓𝑓 rate to what extend the 𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 is 
considered 
𝑟𝑟𝑟𝑟 rate to what extend the 𝑃𝑃𝑛𝑛 
(normalized penalty) is considered 

N/A 

Selection Ranking selection ∑ (∝ +𝛽𝛽𝑘𝑘) = 1 →𝑛𝑛
𝑘𝑘=1                  [21] 

 
𝑓𝑓 �𝛼𝛼 + 𝛽𝛽 ∗ 𝑛𝑛+1

2
� = 1                    [21] 

𝑓𝑓 number of chromosomes selected 
for crossover 
𝛼𝛼 constant evaluated for   
𝛽𝛽 constant evaluated for  

𝛼𝛼 = 3𝛽𝛽  

Elitism N/A 𝐸𝐸 % of the population that is elite 𝐸𝐸 = 0.4  

Mating population N/A 𝑀𝑀 % of the population of which 
mating partners are selected 

𝑀𝑀 = 0.5  

Crossover Partly Mapped         
Crossover 

N/A N/A N/A 

Mutation Swap mutation N/A N/A N/A 

N/A 𝑓𝑓𝑟𝑟.𝑚𝑚𝐿𝐿𝑓𝑓𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓𝑓𝑓 = 0.05 ∗ 𝑙𝑙          [31] 𝑙𝑙 chromosome length  N/A 

Annealing rate 𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃 = max (15 + 0.25 ∗ 𝑁𝑁; 40) 
[32] 

𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃 annealing rate for PMX 
𝑁𝑁 population size  

N/A 

𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃 = max (10 + 0,14 ∗ 𝑁𝑁; 25) 
[33] 

𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃  annealing rate for PPX 
𝑁𝑁 population size 

N/A 

Termination 
  

St. deviation of fitness N/A 𝑎𝑎𝑓𝑓𝑓𝑓𝑙𝑙𝑎𝑎 threshold of change in st. 
deviation 

𝑎𝑎𝑓𝑓𝑙𝑙𝑓𝑓𝑎𝑎 = 0.0001  

Benchmark Ordered First Fit  N/A N/A 

Time N/A N/A 10 minutes 
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1. Introduction  

The aim of this research is to fortify the so-called Carrier Assignment Advise (CAA) that is generated by a 
Cross-Chain Control Center (4C) developed by Jan de Rijk Logistics (JDR). A (meta-)heuristic has to be 
developed which searches for the most optimal assignment of shipments to carriers regarding a multi-
criterion optimization function within bounded time. This problem is approached as a Variable Sized Bin 
Packing Problem (VSBPP) and a Genetic Algorithm (GA) is proposed to solve this VSBPP. The design science 
cycle (Wieringa, 2014), which has the objective to design and investigate an artifact in context, is used to 
guide the research. In terms of Wieringa (2014), the artifact in scope is the GA to be developed.  

A fundamental concept of this research is the term ‘optimality’ which raises two questions: 

- What is optimality? 
- How optimal is the proposed solution?  

Primarily, due to different stakeholders, with plausibly contradictive requirements, and several 
optimization criteria, it is possible that a pareto optimal solutions has to be found; there is no standard 
measure available that evaluates the relative optimality of a certain assignment of shipments to carriers.  

Secondly, if an optimization function, a so called fitness function, is established in unity with all the 
stakeholders, the fact that our problem originates from the group of combinatorial optimization problems 
and the nature of GAs, it is inherited that one is not guaranteed to find that most optimal assignment at 
all (Geetha et al., 2009).  

It is stated that ‘optimality’ is thus defined by the fitness function in place, and the proposed solution by 
the GA is only to be compared with a benchmark solution to define its related optimality. We thus 
conclude that a ‘near’ optimal assignment is found by the GA, which is better or as good as the benchmark 
assignment. The context of this phenomenon will be thoroughly explained in this chapter and will be 
important for the rest of this research.  

The first section of this chapter will explain the general background of logistics and logistic service 
providers. It is followed by a more detailed description of JDR and the 4C, after which the problem 
definition and research goals are extracted. In the end, the outline and structure of this research is 
described.  

1.1 General logistics and order assignment  

Freight transport involves different players: ‘shippers (e.g. manufacturing companies), at which the 
demand for transport originates and which, in some cases, carry out the transport services on their own, 
by using a private fleet of vehicles; The carriers, which provide transport services to customers, and 
governments, which construct and operate the transport infrastructures and set the transport policies at 
a regional, national or international level (Ghiani, Laporte, & Musmanno, 2013)’.  
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Nowadays logistics, and the broader concept of supply chain management, is mainly intended as a 
business function that has the scope to make goods available where and when needed and in the needed 
quantities (Grazia Speranza, 2018). The most recent technological advances are related to the explosion 
of digital data. In Stank, Autry, Daugherty, and Closs (2015) ten megatrends where captured that will 
revolutionize supply chain logistics. These seven are the most applicable for JDR: 

1. Systemic focus: Optimization of the entire supply chain network, customer value co-creation 
2. Information synthesis: information is holistically shared, joint interpretation to improve 

performance 
3. Collaborative relationships: joint accountability and rewards, total system value creation.  
4. Demand shaping: proactively influencing demand, total system value creation 
5. Transformational agility: constantly changing conditions 
6. Flexible network integration: dynamic selection of partners up-stream and downstream 
7. Global optimization  

The common point established in these trends is collaboration across different chains and levels. Jan 
Fransoo (2008), an academic professor of operations, management and transport and at that time a 
member of ‘Top sector Logistiek’, was the inspirator behind the idea of a 4C response to these trends. The 
goal of such a 4C is to bring shippers and carriers together to obtain better insights in available transport 
capacity with the goal of minimizing empty miles and maximizing the capacity usage of each truck. This is 
established by sharing information about available assets and required shipments across different chains 
(Fransoo, 2014). These 4Cs are in place for ‘everybody’ in the logistic chains, so they are for Logistic Service 
Providers (LSP). A LSP is defined as: ‘A company that provides management over the flow of goods and 
materials between points of origin to end-user destination. The provider will often handle shipping, 
inventory, warehousing, packaging and security functions for shipments (Business Dictionary, 2018).’   

On a daily basis, the transport planners have to deal with the assignment of shipments to carriers. They 
have to find the most optimal assignment of shipment to carriers regarding a significant number of 
optimization criteria. Among others, cost of transport and the fill rate of trucks are important measures. 
The time pressure experienced and the variable problem size complicate the assignment process. The 4C 
is developed to support the planners in their daily decision making by generating a Carrier Assignment 
Advice (CAA). This advice is used by the planners to substantiate their final assignment. The scope of this 
research is established on the generation of this CAA which is briefly explained in this research with the 
goal to assign shipments to carriers in the most optimal fashion.  

1.2 Company description  

Jan de Rijk logistics (JDR) is a leading LSP which headquarter is in Roosendaal, the Netherlands. They 
operate with a modern fleet of around 1.000 vehicles and several specialized warehouses. In the 
Netherlands alone, they offer 16 warehouses across the country at strategic locations of interest. The 
total warehousing space is around 130.000 m2. The offices are in 13 countries around Europe and they 
employ around 1300 people. In 2017 they had a turnover of €214 million (Jan de Rijk, 2018). 

The company is founded in 1971 by Jan de Rijk and Jacqueline de Rijk-Heeren, who are still the main 
shareholders of the group and have a seat on the Board of Directors. JDR business culture can be describe 
as a real family business, with sufficient development opportunities for its employees (Dimarelis, 2014). 
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JDR offers a wide range of services which can be divided in three main groups; logistic services, 
professional services and storage. These services are offered in several industries including high tech, 
automotive, healthcare, air cargo and tobacco. Moreover, duty free, aerospace, retail, perishable and 
general cargo are served by JDR (Jan de Rijk, 2018).  

JDR as a company is progressive in the use of IT. The so called JPLEXS environment, Jan de Rijk Planning, 
Execution and Scheduling platform, also referred to as Advances Planning & Scheduling system (APS), is 
implemented to support the planners in their decision-making process to obtain a suitable planning in 
their daily routines. A Transport Management System (TMS) is used for order entry, documentation, 
invoicing and registration.  

Most of the LSPs are operating with their own fleet, and so is JDR. High levels of efficiency, sustainability 
and customer satisfaction can be achieved due to optimization within the company itself. JDR is one of 
the largest asset-based international transport companies and operates a diverse fleet to handle all the 
different industries. Their trucks and trailers are standardized as much as possible and they carefully 
selected suppliers to keep high maintenance standards. A constant investment in development and their 
equipment-portfolio makes sure that their fleet is always up to date. Besides, JDR offers a variety of 
custom-made security equipment that can be attached to the trucks and trailers. Like this, secured 
transport of valuable goods is ensured (Dimarelis, 2014). In Figure 1 these solutions are shown. JDR owns 
around 550 motorized vehicles and over 750 trailers and semi-trailers. Because JDR has a leading role in 

the road feeder services, 80% of their trailers are equipped with air freight roller-beds. Table 1 shows the 
different truck-trailer combinations that JDR uses. These combinations focus on a specific cargo and are 
often interchangeable between trucks.  

The company offers a broad range of services, including intermodal solutions, temperature-controlled 
transport, international transport, contract logistics, Benelux and retail distribution, container transport, 
retail distribution, event logistics and forwarding (Jan de Rijk, 2018). 

JDR plays a significant role in the niche market Benelux and retail distribution in the non-food retail 
segment and established to become a competitor in the field of international air transport, with a strong 
European network. The products of the industries that JDR deals with are characterized by time critical 
and high value of density. In addition to these factors, each sector has its own unique characteristics and 
requirements. JDR especially pioneered and addressed its focus into road feeder services for the emerging 
air cargo industry in Europe. A wide range of daily scheduled and flexible Full Truck Load (FTL and Less 
than Truck Load (LTL) feeder services have been established throughout Europe.  JDR offers regular daily 

FIGURE 1 SECURITY SOLUTIONS (DIMARELIS, 2014) 
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airport-to-airport distribution as well as direct pick-up and direct delivery from/to airport (Jan de Rijk, 
2018), (Dimarelis, 2014). 

They are involved in innovative projects aimed at e-freight, CO3, 4C4D, green-rail, HTS (importing and 
exporting) and healthcare logistics. Moreover, JDR is involved in event logistics which is characterized by 
dedicated operation with crew and equipment for the handling of (European) projects and events.  

As a 3PL+, JDR operates as a control tower. This control tower is described as an independent trucking 
desk, inventory management and material handling solutions network. In some cases, it is not possible to 
execute a transport request with their own fleet. Among with capacity constraints this could have several 
different reasons. The request for transport is then forwarded by JDR to a LSP, also called charters. JDR is 
in contact with approximately 3000 charters that are asked to help out regularly. Basic criteria for choosing 
a charter are the cost and the quality of service (Dimarelis, 2014).  

The Cross-Chain Control Center Capacity Assignment Advise (4C-CAA) project is based on this concept of 
a control tower. The goal of the 4C-CAA project is to set up a 4th party logistics (4PL) platform. The main 
responsibility of this 4PL platform is to plan shipment requests from shippers on the relevant transport 
service provider (TSP). This new business unit allows JdR to not only attract new customers, but also 
enlarge the existing accounts. Moreover, JDR profiles themselves as a 3rd party logistics (3PL+) because 
they orchestrate the whole supply chain, are on top of control and besides deploying their own trucks, 
they hire extra capacity if necessary.  

1.3 Problem Analysis  

The operational planners of JDR have to deal with the assignment of shipments to carriers on daily 
operation. They have to consider multiple parameters and variables of shipments, to design efficient 
transportation plans. JDR has developed a Cross-Chain Control Center (4C) by the means to support their 
transport planners with the assignment of shipments to carriers by creating an overview and calculating 
several Carrier Assignment Advices (CAA). Several stakeholders thrive by the development of this control 
center. They are all concerned with the assignment of shipments to carriers. Three factors complicate the 
assignment of shipments to carriers; Time pressure, problem size and optimization criteria have a 
significant impact on the generated assignment (CAA). In this section the stakeholder’s requirements and 
the complicating factors are explained followed by the general problem statement. 

TABLE 1: FLEET CONFIGURATION OF JAN DE RIJK (DIMARELIS, 2014) 
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1.3.1 Stake holders 

In the first place, JDR as a company is the owner and developer of the Cross-Chain Control Center (4C). 
Their goal is to develop a Trustworthy Neutral Agent 4C which has the responsibility to plan shipment 
request from shippers on relevant transport service providers (TSP). They have to act neutral in order to 
create an environment where one user will not gain advantage over another. Responding to neutrality, 
there is a need for flexibility to generate several different Carrier Assignment Advices (CAAs) that are 
optimal from different perspectives and at the same time reflect to the reasoning of planners (as will be 
discussed in section 1.3.3). The planners of JDR use these generated CAAs in there day to day work as 
assistance. Ease of use is imperative to accelerate their decision making.   

Secondly, shippers act as users of the 4C and together convey the control towards the 4C. By combining 
all the request for LTL shipments, there exists an opportunity for optimization of which each shipper will 
claim its part. Optimality is their main concern because this will directly inherit a gain. Besides, they need 
to share sensitive information and supplies, in the form of contracts they have with certain carriers, with 
plausibly competitors. Therefore, confidentiality is of great concern.   

Thirdly, the carriers offer their trucks. They gain from the fact that more profit is obtained from trucks 
that are driving with better fill rates. Their requirement is characterized by the fact that they will only 
accept shipments that enables them to earn money. An example that illustrates this matter, is the fact 
that a carrier preferably accepts a ‘contract’ in which it will be loaded with shipment in both ways; this is 
called a round trip.   

1.3.2 Time pressure  

The control center is fed with updated information every 30 minutes. This information will not only affect 
the assignment to be made but it is necessary to comb through the assignments that were established 
during the past runs to see if there are better options available currently. This will ensure an overall 
efficient assignment and not just an assignment that was optimal at a certain point in time. Therefore, 
this implicates that every 30 minutes a new calculation has to be made by the control tower. In this 
bounded time, the calculation is executed and communicated towards the planner, the shippers and the 
carriers. They have the possibility to accept or reject a certain proposal and this will be updated in the 
control center to take into account in the next run. To make sure that there is enough time available to 
communicate and wait for responds, the calculation of the CAA has to be executed within 10 minutes.  

1.3.3 Problem size  

For every shipment that is considered by the control tower, several transport options are calculated. The 
control tower evaluates all the available carriers and seeks to find all the carriers that have the possibility 
to transport this particular shipment. The demands of the shippers, in terms of capacity, deadlines and 
service levels, are compared with the characteristics of what the carriers have to offer. A transport option 
indicates that a carrier has the possibility to transport the particular shipment and fulfill the demand 
requested by the shipper. All those ‘possibilities’, all the transport options, are then ranked from the best 
to the worst option. Each shipment now has several transport options that are listed from their most 
preferred to their least preferred. This process will be discussed into detail in section 2.1 about the 
processes in the 4C. 
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The next step in the optimization process is the assignment of shipments to one of their transport options. 
Shipments with identical transport options are grouped together and as a cluster they enter the 
combination run. An increase in number of transport options considered, leads to an increased variety of 
assignments and the solution space will become significantly large. The 4C has to find the most optimal 
assignment in this solution space of possible assignments. The problem that emerges is called a 
combinatorial optimization problem. According to Blum and Roli (2003), in Combinatorial Optimization 
Problems (COPs) we are looking for an object from a finite, or possibly countably infinite, set. This object 
is typically an integer number, a subset, a permutation, or a graph structure. These COPs are frequently 
characterized by their large-scale sizes and the need for obtaining high-quality solutions in short 
computation times. Many combinatorial optimization problems encountered in real-world logistics are 
NP-hard in nature. NP-hard problems are characterized by the fact that they are not solvable in 
polynomial-time and therefore heuristics are developed to find near optimal solutions.  

There are many different COPs with different applications. The 4C has to deal with the so-called bin 
packing problem (BPP). The objective of such a problem is in terms of packing objects of different volumes 
into a finite number of bins or containers according to a cost function. In case there is only one bin 
available this problem is often referred to as a knapsack problem. Many variants of this problem exist that 
are more in line with the specific background of the 4C. The case approached by the 4C is described as: 

‘The objective of packing shipments of different volumes into a finite number of carriers of variable size 
(available loading meters), according to an optimization function.’ 

1.3.4 Optimality  

As already mentioned in the introduction of this chapter, a fundamental concept of this research is 
‘optimality’. Optimality of an established assignment can be interpreted in many different ways that will 
affect different stakeholders with plausibly contradictory interests. For example, the shippers want to ship 
their goods as fast as possible, for the cheapest price with the best service. On the other side we have the 
carriers, who want to drive with trucks that are maximally loaded to have better margins. Not to mention 
the impact of the government, who is regulating driving hours and maximum truckloads, and the costs 
that are piling when carriers choose certain routes (e.g. road taxes, ferry prices). The 4C is initially 
devolved from the perspective of the shippers, but to make sure that all parties are satisfied and will make 
use of the control tower, the optimality function (also called fitness function) will have to cater all the 
stakeholders. A good assignment cannot be evaluated by a single goal or measure and so will optimality. 
The fitness function in place emphasizes what is decided ‘optimal’ and guides the assignment process in 
a certain direction. Among others, the following examples illustrate different fitness function goals:  

- Optimality in terms of fill rate: the overall goal is to assign shipments in such a way that maximizes 
the overall fill rate of every carrier.  

- Optimality in terms of cost: the goal is to assign shipments in such a way that minimizes the overall 
‘cost of transport’ for the shippers. 

- Optimality in terms of preferences: each shipper has its own preferences regarding the selection 
of carriers. The goal is to assign shipments in such a way that maximizes the overall ‘satisfaction’ 
of the shippers.  

Moreover, as mentioned in the previous section 1.3.2 about the problem size, the nature of our problem 
is NP-hard. It is not possible to calculate the most optimal assignment for a certain fitness function in 
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place. Consequently, one cannot claim to have found the optimal solution to a certain problem instance 
with a specific fitness function.  

In summary, it is stated that ‘optimality’ is defined by the fitness function in place, and the proposed 
solution by the GA is only to be compared with a benchmark solution to define relative optimality.  

1.3.5 Problem statement  

Because of the nature of the Variable Size Bin Packing Problem (VSBPP) with its roots in Combinatorial 
Optimization Problems (COPs), it will not be possible to evaluate all the possible feasible assignments. A 
(meta-)heuristic has to be developed to solve this VSBPP within bounded time directed by a multi-
objective optimization function. The current technique that is used to assign shipments to carriers is called 
lazy assignment and will be explained later in this document. It is the simplest form to find a feasible 
solution of the VSBPP. The method is fast but far from optimal. Therefore, a (meta-)heuristic has to be 
found that considers calculation time (computing power) versus optimality. A visualization of this 
phenomenon is given in Figure 2. 

1.4 Research Goals  

The problem statement is used to derive the goals of the research. Firstly, the practical goal is given after 
which the research directions are discussed. This is followed by the scientific goal which evolves into a 
research question proposed. 

1.4.1 Practical goal 

The practical goal of this research is to fortify the proposed Carrier Assignment Advise (CAA) that is 
generated by the Cross-Chain Control Center (4C) developed by Jan de Rijk. The research follows a Design 
Science with the goal to design and investigation of artifacts in contexts (Wieringa, 2014). The practical 
goal can thus be rewritten in the form of: 

An artifact is designed in the form of a (meta-)heuristic that considers computation 
time and necessary computational power versus optimality of an assignment of 
shipments to carriers. 

1.4.2 Research direction  

The overall goal is to develop an algorithm for assigning shipments to carriers. This might be considered 
as the combination of shipments into FTL. Grouping of shipments into FTL can be achieved at different 

FIGURE 2: PROBLEM DEFINITION 
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moments in time; before the transport options per shipment are calculated or when the transport options 
of the shipments are known (transport options are defined as feasible possibilities of assigning a shipment 
to a specific carrier and will be discussed briefly later on). 

If the grouping is done before the transport options are known, the algorithm will have to group shipments 
regarding their characteristics. Shipments that are the most alike, will end up in a ‘group’ and these groups 
can then be allocated to a certain truck. This ‘grouping’ activity is called clustering. There are different 
clustering methods and heuristics, all with the same goal to generate groups with shipments that will 
probably fit in a FTL. Consequently, the better the shipments in a group match, the better the assignment 
result obtained. Although, emphasis must be placed on the words ‘probably fit’. There are ‘hard’ rules 
described by Jan the Rijk that make certain assignments possible, and others infeasible. Among others, 
these hard rules are concerned with the starting location of the trip, deadlines to meet and contracts with 
preferred and non-preferred carriers. When clustering takes place, these hard rules cannot be taken into 
account, and consequently it is possible that infeasible assignments are generated.  

Therefore, it is decided to focus on the assignment of shipments after the transport options are calculated 
to make sure that the obtained assignment is feasible. The focus will be on solving the Variable Size Bin 
Packing Problem (VSBPP) with given transport options per shipment. 

1.4.3 Scientific goal 

A (meta-)heuristic is researched to find a solution for a VSBPP. This standard VSBPP is extended with a 
restriction. It will not be tolerated that the items can be packed in every bin, but they can just be packed 
in a number of bins that is determined before and formulated as transport options. E.g. item 1 can be 
packed in truck 1, 2, or 3 while item 2 can only be packed in truck 3, 4, 5. The variants of the BPP will be 
thoroughly explained in the theoretical background.  

1.4.4 Research question 

From the problem analysis and the research goals the following research question is derived:  

How to improve the 4C-CAA in order to reduce calculation time and improve the overall 
optimality, evaluated by the optimization function in place, of the proposed 
assignment of shipments to carriers.   

The main research question is divided in the following sub questions: 

i. What are the different process steps in the current situation? 

ii. Which techniques exist in theory to solve the VSBPP by considering time versus 
optimality? 

iii. How do these techniques perform on a practical 4C-CAA problem?  

1.5 Methodology  

The methodology of the research is based on the design science cycle (Wieringa, 2014). ‘A design problem 
is a problem to (re)design an artifact so that it better contributes to the achievement of some goal’. 
Examples of artifacts designed and studied in information systems and software engineering research are 
algorithms, methods, notations, techniques, and even conceptual frameworks. They are used when 
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designing, developing, implementing, and using information systems and software systems (Wieringa, 
2014)’.  

The focus in the case of JDR is the optimization process of the CAA which goals are described in section 
1.4. The artifact to be developed is a meta-heuristic that solves the Variable Size Bin Packing Problem 

(VSBPP) within bounded time. The design task of this artifact is based on three tasks; problem 
investigation, design of the artifact itself and validation of the artifact (Wieringa, 2014). This is called the 
design cycle and showed in Figure 3. It is used to guide the research trough different stages and these 
steps are explained briefly. The implementation of the artifact is left out of scope.  

The problem investigation was executed before writing this research. The context and problem where 
studied intensively. A clear view was developed by combing through 4C-CAA project documentation and 
working along with the planning department for half a day. The module ‘4C’ is part of the JPLEXS 
environment and designed on the Quintiq software platform for supply chain planning and optimization. 
In an open interview with the main developer, insights in the current algorithm that is used for assigning 
shipments to carriers and the argumentation about decisions and measures were addressed. Besides the 
investigation of the 4C-CAA, a systematic literature review on Combinatorial Optimization Problems 
(COPS) was conducted. The goal was to get more insights in the general background and its solution 
algorithms/(meta-)heuristics. This problem investigation resulted in the research proposal. 

After the research proposal finalized, a less structured literature review on the Variable Size Bin Packing 
Problem (VSBPP) and a meta-heuristic named Genetic Algorithm (GA) was conducted. The artifact 
developed in the design phase is a GA algorithm. A GA consist of several (repeating) steps which are used 
to map the develop of this GA. In every step, several choices have to be made and parameters have to be 
set. In Table 2 a high-level overview is created of the considerations to be made. The parameters and 
choices are all related to each other and can therefore not be set at once. The ‘scaling up approach’ 
(Wieringa, 2014) is used which basically implicates designing and testing under idealized laboratory 
conditions first, and incrementally scaling this up to conditions of practice later. Parameter for parameter 
were analyzed which refers to the iteration step in In Figure 3.  

Since we cannot, by definition, validate real-world implementations, we evaluate validation models. A 
validation model consists of a model of the artifact interacting with a model of the context (Wieringa, 
2014). The artifact, a GA, is modeled in a programming language named Python and validation was done 
by two methods; case-based references and by simulation. Case-based referencing was used to validate 
certain parameter setting that were found in literature. This parameter setting could be justified by 

FIGURE 3: DESIGN SCIENCE CYCLE  
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literature and previous work done by other researchers. One approach for improving GAs search 
performance is to simply test different values for mutation rates, population size, number of generations, 
et cetera. Selection of different values for those parameters has become easier since the work of Goldberg 
(1989 and 2002, books and later papers) and his students help to provide some guidance regarding those 
parameters, given some characterization of the difficulty of the problem (Transportation Research Board, 
2007).  

The other parameters settings and choices to be made were characterized by their significant impact on 
the search strategy of the GA and were validated by simulation. As in the nature of our problem, discussed 
in section 1.3.4, it is hard to quantify optimality one tries to reach. In the literature it was found that the 
Ordered First Fit algorithm (OFF algorithm)(Baxter, Hastings, Law, & Glass, 2008) gave meaningful 
solutions to the VSBPP and is therefore used as benchmark. The GA is validated by simulating the ‘times 
that a GA beats the assignment found by using the OFF algorithm’.  

The final GA is evaluated by simulating different setting. These primary settings are shown in Table 3. 
Besides the ‘number of wins’, the calculation time is considered for evaluation.  

TABLE 2: PARAMETERS TO CONSIDER FOR A GA 

 

 

 

 

 

TABLE 3: PARAMETERS AND VALUES TO BE INVESTIGATED 

 

 

 

1.6 Outline  

The rest of this document is structured as follows. In chapter 2 the theoretical background is established. 
First, we dive deeper into the 4C and its processes of optimization. This is followed by a short literature 
review on Combinatorial Optimization Problems and their heuristics continued by the more briefly 
explained Variable Sized Bin Packing Problem (VSBPP). The last part of the theoretical background 
sketches the structure of a Genetic Algorithm (GA) and the different methods used.  In chapter 3 we then 
use the sketched structure of the GA to configurate a GA that is focused on the context of the Carrier 
Assignment Advice (CAA). Part of this model is configured based on previous research outcomes and 
further literature. In chapter 4 the most fundamental choices of the configuration are discussed an 
analyzed. This chapter is finalized by proposing a GA that is proposed to answer the research question.  
The research is finalized by a conclusion which answers the research questions, the limitations, the 
recommendations and the future research. 

Considerations   
Optimization function fill rate, fill rate of Falkenauer and Delchambre (1992), 

penalty function, unassigned orders 
Encoding scheme Permutation encoding, binary encoding 
Initial population Population size, seeding 
Selection Selection methods, elitism, mating pool  
Crossover crossover methods, crossover rate 
Mutation mutation rate, number of mutations 
Termination  time, iterations, standard deviation  

Parameters Values 
Orders (vs Time) 20, 50, 100, 200, 500 
Optimality Fill rate of Falkenauer and Delchambre, penalty function  
Selection pressure  Ranking selection with respectively low, medium and high 

pressure in 5 different settings 
Seeding Initial population with and without seeding  
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2. Theoretical Background  

The practical context of this research is based on a cross-chain control center (4C). The processes within 
this 4C are therefore explained into detail after which the Bin Packing Problem (BPP) and its basic heuristic 
are elaborated. Several (meta-)heuristics are evaluated and Genetic Algorithms (GAs) are chosen as the 
proposed method to find a solution to the BPP. The basic structure of such a GA is then stipulated for 
further development of the (meta-)heuristic.  

2.1 Cross-Chain Control Center (4C) 

Jan Fransoo (2008), an academic professor of operations, management and transport and at that time a 
member of ‘Top sector Logistiek’, was the inspirator behind the idea of a Cross-Chain Control Center (4C). 
The goal of such a 4C is to bring shippers and carriers together to obtain better insights in available 
transport capacity with the goal of minimizing empty miles and maximizing the capacity usage of each 
truck. This is established by sharing information about available assets and shipments across different 
chains (Fransoo, 2014). Douven and Lute (2018) add that a 4C is a control center from which flows of 
goods, information and financial data within a logistic chain are coordinated. The overview that is created 
enables a more efficient assignment, combination of streams and more efficient transport. They 
distinguish three different forms of collaboration in a 4C; operational collaboration, coordinating 
collaboration and network collaboration. TKI Dinalog, the top consortium of knowledge and innovation in 
which businesses, knowledge centers and the government are working together on the innovation 
program of ‘Top Sector Logistiek’, sees high opportunities for the logistic sector to save on costs and to 
spare the environment by clustering in forms of 4Cs (TKI Dinalog, 2018).  

In the GET services project (Green European Transportation) (Dijkman, 2015), Jan de Rijk Logistics (JDR) 
has configured a Cross-Chain Control Center (4C) in their own Advanced Planning System (APS). The so 
called Cross-Chain Control Center Capacity Assignment Advise (4C-CAA) project is based on the 4C model 
mentioned. The goal of the 4C-CAA project is to set up a 4PL (4th party logistics) platform. The main 
responsibility of this 4PL platform is to plan shipment requests from shippers on the relevant transport 
service provider (TSP). This new business unit allows JDR to not only attract new customers, but also 
enlarge the existing accounts. The idea of the 4C-CAA is that the shippers together convey the control to 
a (independent) professional logistic platform. By combining all the request for (LTL) shipments, there 
exists an opportunity for optimization. The more information and shipments are shared, the higher the 
opportunity for optimization. Along these lines, JDR wants to develop a Trustworthy Neutral Agent 4C in 
which the shippers contact their preferred suppliers and the 4C is contacting the ad-hoc carriers, so called 
charters. It is good to stress that the 4C must be independent/neutral to ensure optimality for all 
stakeholders is guaranteed. In Figure 4 the basic setup of this 4C is shown. The generation of a Carrier 
Assignment Advice (CAA) is the main focus of this research while the ‘operational assignment’ is left out 
of scope. Within the JPLEXS 4C (Jan de Rijk Planning Execution and Scheduling) it is dealt with cluster 
locations, e.g. Frankfurt, Amsterdam and London are formed one cluster for air freight. So far, the pilots 
of the 4C-CAA are only focused on air freight. The rest of this section will briefly elaborate the input, the 
optimization processes and the output of this CAA.  
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2.1.2 Process 4C-CAA 

 

 

  

 

 

 

 

 

 

FIGURE 7: DATA PROCESSING IN OPTIMIZATION RUN OF THE 4C 
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2.1.3 Output 

The CAA is the generated output of the beforementioned 4C optimization step. It is an advice that states 
which shipments to plan on a certain carrier and solves the assignment problem according to the 
optimization function. Among other options, this optimization function could hold that the CAA will 
generate the most cost-efficient assignment, the best assignment regarding empty miles, the best 
assignment regarding preferred and non-preferred carriers, or the best assignment regarding average 
utilization of the trucks. The optimization function directs the assignment towards a specific goal. Multiple 
optimization functions generate multiple advises that can be evaluated by the planners. 

2.2 Variable Size Bin Packing Problem (VSBPP)  

The VSBPP finds its origin in the group of Combinatorial Optimization Problems (COPs). In Figure 8 this 
VSBPP is illustrated. One can see carriers with different capacity available and a shipment that needs to 
be assigned to one of the possible carriers.  

First, an overview of the used heuristics and algorithms is given after which the more specific BPP problem 
and its simple heuristics is described. 

 

2.2.1 Combinatorial Optimization Problems 

The Bin Packing Problem (BPP) originates from the combinatorial optimization problem (COP). According 
to Blum and Roli (2003), in COPs we are looking for an object from a finite, or possibly countably infinite, 
set. This object is typically an integer number, a subset, a permutation, or a graph structure. Reeves (2005) 
explains the basic concept in two simple formulas. Assume a discrete search space 𝜒𝜒 and a function 

𝑓𝑓:𝒳𝒳 → ℝ          [1] 

Then the general problem is now to find  

arg  min
𝑥𝑥∈𝒳𝒳

𝑓𝑓(𝑥𝑥)           [2] 

Where 𝑥𝑥 is a vector of decision variables, and 𝑓𝑓 is the objective function. It is also possible to modify the 
function, so it will become an optimization function. Examples of those problems are the Traveling 
Salesman Problem (TSP), the Quadratic Assignment problem (QAP), Timetabling and Scheduling problems 
and of course the Bin Packing Problem. Many combinatorial optimization problems encountered in real-

FIGURE 8: THE VARIABLE SIZE BIN PACKING PROBLEM 
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world logistics, transportation, production, healthcare, financial, telecommunication, and computing 
applications are NP-hard in nature. These real-life COPs are frequently characterized by their large-scale 
sizes and the need for obtaining high-quality solutions in short computation times, thus requiring the use 
of metaheuristic algorithms (Juan, Faulin, Grasman, Rabe, & Figueira, 2015). Bianchi et al. (2009) classify 
the combinatorial problem into two subclasses; stochastic and deterministic problems. Stochastic 
Combinatorial Optimization Problems (SCOPs) must deal with uncertainty at some level. Deterministic 
Combinatorial Optimization Problems (DCOPs), later referred to as COPs, must deal with complete, 
deterministic elements that are known upfront. Because of our problem described at the Cross-Chain 
Control Center (4C), only DCOPs seem relevant. However, many of the applications and methods used for 
DCOPs are extended to be used for SCOPs as well.  

There exist a lot of different optimization techniques that can be classified via the following structure. The 
developed algorithms for COPs can be classified as either complete or approximate. Complete algorithms 
are guaranteed to find, for every finite size instance of a COP, an optimal solution in bounded time. Yet, 
for COPs that are NP-hard, no polynomial time algorithm exists because of the exponential computation 
time in the worst case. Therefore, approximate methods to solve COPs are developed (Blum & Roli, 2003). 
Again, because of the computational time restrictions relevant to the problem described in  the research 
design, only approximate methods are considered feasible in this situation. Another division is made 
between constructive algorithms and local search algorithms. Constructive algorithms start from scratch 
by adding components until a full solution is found. They are typically the fastest approximate methods, 
but often return inferior solutions compared to local search algorithms. Local search algorithms start from 
an initial solution and try to replace it by a better solution in every iteration. These local search algorithms 
can be subdivided into population-based search or single search strategies (Bianchi, Dorigo, Gambardella, 
& Gutjahr, 2009; Geetha et al., 2009). This basically implies that the local search takes either one specific 
area of solutions into account when searching, or it takes the whole population into account.   

The techniques structured in Figure 9 are based on the classification described above. Furthermore, Fuzzy 
Set Theory, Neural Networks and Evolutionary Computing together belong to a group described by 

FIGURE 9: OPTIMIZATION TECHNIQUES 
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(Paechter & Napier University, 2018) as Soft computing.  Soft computing contributes to a group that is 
called Artificial Intelligence (AI). AI refers to methods and approaches that mimic biologically intelligent 
behavior in order to solve problems that so far have been difficult to solve by classical mathematics 
(Transportation Research Board, 2007). It was found that metaheuristics found the most applications in 
bin packing problems and are explained into more detail.  

Bianchi et al. (2009) described the metaheuristics as follows: 

“Metaheuristics are high level concepts for exploring search spaces by using different 
strategies. These strategies should be chosen in such a way that a dynamic balance is 
given between the exploitation of the accumulated search experience (which is 
commonly called intensification) and the exploration of the search space (which is 
commonly called diversification).” 

Metaheuristics are combined strategies that ‘guide’ the search towards the optimal solution. This class of 
algorithms includes the main applications Ant Colony Optimization (ACO), Evolutionary Computation (EC), 
Iterated Local Search (ILS), Simulated Annealing (SA),  and Tabu Search (TS) (Bianchi et al., 2009; Blum & 
Roli, 2003; Paechter & Napier University, 2018). The main advantage over the other approximate 
heuristics is that metaheuristics are better able to escape from local optima. The search strategies of 
different metaheuristics are highly dependent on the philosophy of the metaheuristic itself and are based 
on a consideration between diversification and intensification; also called exploration and exploitation. 

Within the metaheuristics, the group of Evolutionary Computation seems most relevant for applications 
in the bin packing problem because of the frequent appearance in the literature. 

Moreover, EC is divided into three main groups; Genetic Algorithms (GA), Evolutionary Systems (ES), and 
Evolutionary Programming (EP). Following the division of Peachter and Napier (2018), also Genetic 
Programming (GP) exist, although these have much in common with EPs. ECs arose from the desire to 
generate machine intelligence. It was originally developed to solve discrete optimization while nowadays 
it is used for continuous optimization problems. This holds for ES and GA as well, while GA is mainly 
focused on solving combinatorial optimization problems. The used techniques are motivated by natural 
evolution. A fitness function evaluates the generated chromosomes and determines the likelihood of 
surviving into the next solution. The algorithms are inherently parallel, so they can be accelerated by 
distributing them over parallel hardware. In the literature, the GA is by far the most cited algorithm of the 
three mainly because of its practice in COPs. ES and EP differ in solution representations and type of the 
mutation that is used; EP does not use a recombination operator. 

GAs are a suitable choice for problems that are difficult to formulate and solve using derivative-based and 
other traditional optimization techniques. Problems that are characterized by complex objective 
functions, including multi-objective problems, problems with no-closed form objective function, and ones 
with large number of variable and mixed solutions space are particularly suited for optimization with GAs. 
Examples of those problems are positioned in the assignment problems class  (Transportation Research 
Board, 2007). In the case that the combinatorial optimization problem can be formulated in terms of 0/1 
integer programming problem, the application of a GA would appear to be straightforward, since the 
encoding of a ‘solution’ to the problem as a binary string is obvious. However, the existence of constraints 
in such cases causes difficulties, since many strings will in fact encode infeasible solutions to the problem, 
and how to assign a ‘fitness’ function to such strings is not always clear (C. Reeves, 1996). 
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2.2.2 Bin Packing Problem  

The general BPP is describes as follows: given a set of numbers and a set of bins of fixed capacity, the 
problem is to find the minimum number of bins needed to contain all of the numbers (Junkermeier, 2015). 
The general BPP has many applications in the real world logistics and is found in applications such as 
loading of tractor trailer trucks, cargo airplanes and ships (Liu, Tan, Huang, Goh, & Ho, 2008). The general 
problem can be enriched with extra constraints and many variants of the BPP exist, such as the 1D, 2D 
and 3D BPP. The 3D BPP for example, tries to solve the problem of fitting cuboids into a given space. Also, 
the variable sized BPP is a well know example in the logistics where the bins are of different sizes. The 
problem at JDR is described by a 1D, variable sized BPP. Because we know all the shipments and available 
carriers beforehand, we can speak of an off-line problem.  

The basic mathematical model is described by Delorme, Iori and Martello (1997) as follows:  

The BPP can be informally defined in a very simple way. We are given 𝑓𝑓 items, each 
having an integer 𝑤𝑤𝑓𝑓𝑓𝑓𝐿𝐿ℎ𝑓𝑓 𝑤𝑤𝑗𝑗 (𝑗𝑗 = 1, … ,𝑓𝑓), and an unlimited number of identical 𝑎𝑎𝑓𝑓𝑓𝑓𝑓𝑓 
of integer 𝑐𝑐𝑎𝑎𝑖𝑖𝑎𝑎𝑐𝑐𝑓𝑓𝑓𝑓𝑐𝑐 𝑐𝑐. The object is to pack all the items into the minimum number of 
bins such that the total weight packed in any bin does not exceed the capacity. We 
assume, with no loss of generality, that 0 < 𝑤𝑤𝑗𝑗 < 𝑐𝑐 for all 𝑗𝑗. Assuming that the 
potential bins are numbered as 1, … , 𝐿𝐿, we can introduce two binary decision variables.  

𝑐𝑐𝑖𝑖 = �1     𝑓𝑓𝑓𝑓 𝑎𝑎𝑓𝑓𝑓𝑓 𝑓𝑓 𝑓𝑓𝑓𝑓 𝐿𝐿𝑓𝑓𝑓𝑓𝑎𝑎 𝑓𝑓𝑓𝑓 𝑓𝑓ℎ𝑓𝑓 𝑓𝑓𝐿𝐿𝑙𝑙𝐿𝐿𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓
0     𝐿𝐿𝑓𝑓ℎ𝑓𝑓𝑟𝑟𝑤𝑤𝑓𝑓𝑓𝑓𝑓𝑓                                        

          (𝑓𝑓 = 1, … , 𝐿𝐿)   [3] 

𝑥𝑥𝑖𝑖𝑗𝑗 = �1          𝑓𝑓𝑓𝑓 𝑓𝑓𝑓𝑓𝑓𝑓𝑚𝑚 𝑗𝑗 𝑓𝑓𝑓𝑓 𝑖𝑖𝑎𝑎𝑐𝑐𝑘𝑘𝑓𝑓𝑎𝑎 𝑓𝑓𝑓𝑓𝑓𝑓𝐿𝐿 𝑎𝑎𝑓𝑓𝑓𝑓 𝑓𝑓
0          𝐿𝐿𝑓𝑓ℎ𝑓𝑓𝑟𝑟𝑤𝑤𝑓𝑓𝑓𝑓𝑓𝑓                                      

      (𝑓𝑓 = 1, … ,𝐿𝐿; 𝑗𝑗 = 1, … ,𝑓𝑓)  [4] 

We can now model the BPP as an integer linear program of the form  

𝑚𝑚𝑓𝑓𝑓𝑓∑ 𝑐𝑐𝑖𝑖𝑢𝑢
𝑖𝑖=1              [5] 

𝑓𝑓. 𝑓𝑓.∑ 𝑤𝑤𝑗𝑗𝑥𝑥𝑖𝑖𝑗𝑗 ≤ 𝑐𝑐𝑐𝑐𝑖𝑖             (𝑓𝑓 = 1, … , 𝐿𝐿)𝑛𝑛
𝑗𝑗=1       [6] 

∑ 𝑥𝑥𝑖𝑖𝑗𝑗 = 1                            (𝑗𝑗 = 1, … ,𝑓𝑓)𝑢𝑢
𝑖𝑖=1       [7] 

𝑐𝑐𝑖𝑖 ∈ {0,1}                                 (𝑓𝑓 = 1, … ,𝐿𝐿)          [8] 

𝑥𝑥𝑖𝑖𝑗𝑗 ∈ {0,1}                               (𝑓𝑓 = 1, … ,𝐿𝐿; 𝑗𝑗 = 1, … ,𝑓𝑓)       [9] 

Function 5 holds the minimization function. It minimizes the used number of bins. 
Constraint 6 makes sure that all the items that are in one bin do not exceed the capacity 
of that bin. Constraint 7 makes sure that every item is packed once.  

Many other articles describe the mathematical model of the general BPP in the same way, under which 
Stille (2008) and Junkermeier (2015), which implicates that this is the basis for the BPP on which real life 
applications are built around.  

There are some basic simple approximate algorithms developed that will generate a suitable solution to 
the BPP with respect to the constraints. The algorithms do not find the optimal solution but try to improve 
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a ‘random’ assignment of numbers to bins that are used when heuristics are not feasible in terms of 
computation time.   

The simplest BPP approximate algorithms consider the items in any sequence. Algorithm Next-Fit (NF) at 
each iteration packs the next item into the current bin (initially, into bin 1) if it fits, or into a new bin (which 
becomes the current one) if it does not fit. Algorithm First-Fit (FF) at each iteration packs the next item 
into the lowest indexed bin where it fits, or into a new bin if it does not fit in any open bin. Algorithm Best-
Fit (BF) at each iteration packs the next items into the feasible bin (if any) where it fits by leaving the 
smallest residual space, or into a new one if no open bin can accommodate it (Coffman, Garey, & Johnson, 
1981; Delorme et al., 1997; Kang & Park, 2003). Mao, Blanco and Fu (2017) also mention Worst-Fit (WF) 
which places the item into the bin that is currently opened and with the most space remaining. Better 
performances are obtained by preventively sorting the items according to non-increasing weight. The 
First-Fit Decreasing (FFD) (also referred to as Ordered First Fit (OFF)) and the Best-Fit Decreasing (BFD) are 
the best performing of all these algorithms (Delorme et al., 1997).  

When using variable sized bins, Mao et al. (2017) suggest that there is also an algorithm that determines 
which bin to open. Best Fit implicates opening the bin that best fits the item with the least space wasted. 
Expected Fit looks at all the items that have not yet been assigned and opens the bin that can fit all of 
them with the least space wasted. If the size of all these items is larger than the largest bin, it allocates 
the largest bin to the current item. It is highly possible that smaller items can be packed into larger bins 
that were allocated earlier.  

These heuristic approaches are particularly useful for problems with a high complexity, for which 
deterministic methods like the branch and bound approach are often unable to find the solution within a 
reasonable amount of time. Although heuristics are fast in generating a solution packing plan, the quality 
of the solution is highly dependent on the input sequence of the items (Coffman et al., 1981; Delorme et 
al., 1997). Meta-heuristics such as evolutionary algorithms, simulated annealing and Tabu Search which 
are probabilistic in nature have also been applied to solve bin packing problems. Among these methods, 
evolutionary algorithms (EA) is usually hybridized with a heuristic placement routine. In this two-stage 
approach, EA searches for optimal input sequence of items and the heuristic placement routine 
determines how the input sequence of items is packed into bins (Liu et al., 2008). This hybridized method, 
of using the GA for finding the optimal input sequence and a heuristic first-fit placement routine that uses 
the generated input sequence (Hussain & Sastry, 1997; C. Reeves, 1996), is chosen for development of 
the artifact and will be explained in the next section. 

2.3 Genetic Algorithms  

The term genetic algorithm, almost universally abbreviated nowadays to GA, was first used by John 
Holland in 1975. Many people also use the term evolutionary computing or evolutionary algorithms (EAs), 
in order to cover the development of the last 15 years (C. R. Reeves, 2005). Genetic Algorithms can be 
seen as a general-purpose optimization method and that have been successfully applied to search, 
optimization and machine learning tasks. In the process of finding an optimal solution, a GA adopts a 
strategy of search based on the intelligent randomization and uses a fitness function as judgement 
criterion.  GA is often found quite superior to the other heuristics available in the literature. GAs are useful 
to handle problems of very large size and it yields better results than most of the other algorithms based 
on heuristics (Hussain & Sastry, 1997).  
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GAs use the mechanics of natural selection and natural genetics referred to as ‘survival of the fittest’. The 
basic operation of a GA is simple. First a population of feasible solutions to a problem is developed. Next, 
the better solutions are recombined with each other to form some new solutions. Finally, the new 
solutions are used to replace the poorer of the original solutions and the process is repeated so that the 
overall fitness of the population is increasing every iteration (Transportation Research Board, 2007).  

Baxter, Hastings, Law, & Glass (2002) and C. R. Reeves (2005) described a genetic algorithm template in 
pseudo code: 

Choose an initial population of chromosomes;  
while termination condition not satisfied do  
 repeat 
  if crossover condition satisfied then 
  {select parent chromosome; choose crossover parameters;  
  perform crossover}; 
  if mutation condition satisfied then 
  {select chromosome(s) for mutation; choose mutation points; 
  perform mutation}; 
  evaluate fitness of offspring 
 until sufficient offspring created; 
 select new population; 
end while 

Before the GA can start, encoding takes place and an initial population is set. This population is then 
evaluated according to the fitness function. A selection procedure then selects fit individuals to enter the 
mating prosses where they experience crossover and mutation. The offspring is evaluated again according 
to the fitness function and the termination criteria decide whether the GA is terminated or will continue 
the search. The rest of this section elaborates the steps of the template briefly. 

2.3.1 Encoding  

One of the distinctive features of the GA approach is that it separates the representation of the problem 
from the actual variables in which it was originally formulated. In line with the biological usage of terms, 
it has become customary to distinguish ‘genotype’ (the encoded representation of the variables) from the 
‘phenotype’ (the set of variables themselves). According to Reeves (2005), the vector 𝑥𝑥 in formula [10] is 
represented by a string 𝑓𝑓 called chromosome, of length 𝑙𝑙, made up of symbols drawn from an alphabet 
𝒜𝒜, using a mapping 𝐶𝐶 

𝑐𝑐: 𝒜𝒜𝑙𝑙 → 𝒳𝒳          [10] 

Because it is possible that some string may represent infeasible solutions to the original problem due to 
restrictions, it is said that the valid solution space 𝜗𝜗 is  

𝜗𝜗 ⊆ 𝒜𝒜𝑙𝑙          [11] 

The string length 𝑙𝑙 depends on both 𝒳𝒳 and 𝒜𝒜, and the elements of the string correspond to ‘genes’, and 
the values those genes can take correspond to ‘alleles. This is often referred to as the genotype-phenotype 
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mapping  in biology and also called encoding in the literature of GA (C. R. Reeves, 2005). The optimization 
function, regarding function [2], will thus be 

arg min
𝑠𝑠∈𝜗𝜗

𝐿𝐿(𝑓𝑓)           [12] 

𝐿𝐿(𝑓𝑓) = 𝑓𝑓(𝑐𝑐(𝑓𝑓))          [13] 

It is desirable that c implicates that there is a unique vector 𝑥𝑥 for every string 𝑓𝑓, and a unique string 𝑓𝑓 for 
every vector 𝑥𝑥. The encoding process is determent for the performance of the GA. A good encoding 
scheme together with a good fitness function stands out because it will help the GA to direct the fitness 
of the population towards a more optimal solution every iteration. GAs can be used with either binary or 
real coding, in many forms, depending on the nature of the problem to be solved. A simple method of 
improving GA performance is sometimes to change the genetic representation. Many researchers 
published results showing that binary coding worked better for their applications, while other researchers 
report different results. Particularly for combinatorial optimization problems, the topic of appropriate 
representations is the focus of a great deal of current research (Transportation Research Board, 2007). 

2.3.2 Initial population 

Perhaps the most fundamental characteristic of GAs is their use of populations of many strings (C. R. 
Reeves, 2005). Where other techniques, like neighborhood search, only operate with one solution at a 
time, GAs use a population of chromosomes.  

Two important questions to be considered are the size of the population, and the method by which the 
individuals are chosen (Sivanandam & Deepa, 2007). The choice of the population size has been 
approached from different points of view, but the underlying idea is always the trade-off between 
efficiency and effectiveness. For each and every problem, the population size will depend on the 
complexity of the problem. The question about the optimal population size is yet not answered and is 
often found by tweaking the parameters. The population should grow with the string length, but again a 
trade-off must be made (Baxter et al., 2002). Empirical results suggest that populations sizes as small as 
30 are quite adequate in many cases. A later analysis from a different perspective led Goldberg and 
colleagues to the insights that a linear dependence of population size on string length was adequate. Still, 
with linear growth rate would lead to quite large populations in some cases. A somewhat simpler question 
is the minimum population size for a meaningful search to take place. Baxter et al. (2002) mentioned that 
for a good start, every possible solution must be reachable by crossover. This results in the statement that 
the initial population needs to represent all the possible instances of each allele. An allele is a part of the 
string that contains information about one attribute, so in a binary string a bit is equal to an allele. Figure 
10 gives the minimal population sizes for 99.9% confidence that all alleles are present in the initial 
population. The higher the cardinality 𝑞𝑞 of the alleles, the bigger the population size 𝑆𝑆 in the following 
formula:  
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 𝑆𝑆 = 𝑎𝑎 + 𝑎𝑎 log(𝑙𝑙)         [14] 

𝑎𝑎 and 𝑎𝑎 are constants that wil grow lineair, but slowely, with  𝑙𝑙 is defined as the length of the chromosome, 
e.g. the number of bits.  

 

The Traveling Salesman problem (TSP) is encoded as a permutation which is a collection of edges that join 
pairs of cities. This permutation representation of the problem will also be used for the Bin Packing 
Problem and is therefore discussed. According to (J. T. (Univeristy of V. Alander, 1996), if we follow the 
strategy of Reeves (which is the same as those described in Baxter et al. (2002)) we should seek an initial 
population that is highly likely to include every possible edge between any two cities. However, most of 
these edges will not participate in an optimal tour. It is suggested that this is sufficient to ensure that the 
initial population contains the edges of an optimal tour, which the GA can then join together. They formed 
the following formula for minimum population size 𝑆𝑆, which is based on 𝑓𝑓𝑓𝑓𝑟𝑟𝑓𝑓𝑓𝑓𝐿𝐿 𝑙𝑙𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓ℎ 𝑙𝑙 and 
𝑖𝑖𝑟𝑟𝐿𝐿𝑎𝑎𝑎𝑎𝑎𝑎𝑓𝑓𝑙𝑙𝑓𝑓𝑓𝑓𝑐𝑐 𝑖𝑖 that all the required edged are in the population: 

𝑆𝑆 ≥ log (1−√𝑏𝑏𝑓𝑓 )
log(𝑙𝑙−3)/log (𝑙𝑙−1)

          [15] 

It does require that the crossover operator build offspring tours using edges from parent tours. If 
crossover does not build offspring tours by using edges from parent tours, it will delete and introduce 
edges in offspring tours more or less at random, negating the argument section.  

Lastly, it is nearly always assumed that initialization should be ‘random’, which in practice means the use 
of pseudorandom sequences (Baxter et al., 2002; Sivanandam & Deepa, 2007). Although, some examples 
are found when the initial population was fed with some ‘good’ quality chromosomes, called seeding, to 
ramp up the search.  The drawback is that this enhances the possibility of ending in a local optimum more 

FIGURE 10: MINIMUM NUMBER OF INITIAL POPULATION BAXTER ET AL. (2002) 
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easily. Goldberg has also shown that GA efficiency to reach global optimum instead of local ones is largely 
determined by the size of the population.  

To conclude, according to Sivanadam and Deepa (2007) population sizes around 100 individuals are quite 
frequent, nevertheless this size can be changed according to the time and the memory disposed on the 
machine compared to the quality of the result to be reached.  

2.2.3 Fitness function   

In order to apply Genetic Algorithms (GAs) we are to construct a fitness function. A fitness function is 
related to the optimization function and evaluates the degree to which an individual chromosome is ‘fit’ 
regarding that optimization function. The fitness not only indicates how good the solution is, but also 
corresponds to how close the chromosome is to the optimal one (Sivanandam & Deepa, 2007). The goal 
of the fitness function is to identify the smallest piece of a solution which is meaningful enough to convey 
information about the quality of the solution it is part of (Falkenauer & Delchambre, 1992). The fitness 
function will guide the search of the GA towards the most optimal chromosome. In the literature, several 
fitness functions for the Bin Packing Problem (BPP) were found.  

As a fitness function, Junkermeier, 2015 uses minimization of the used amount of bins. This is the most 
basic fitness function one can find in the literature about BPP. This is also in line with Liu et al., 2008, who 
states that the current literature is focused on the minimization of wasted space in the bins. Falkenauer 
and Delchambre (1992) add that the minimization function by Junkmeier (2015) is correct from strictly 
mathematical point of view but is unusable in practice. Indeed, such a cost function leads to an extremely 
unfriendly landscape of the search space: a very small number of optimal points in the space are lost in a 
sea of points where this cost function is just one unit above the optimum. The trouble is that such a cost 
function lacks any capacity of guiding an algorithm in the search.  

“The overall goal of the optimization function is to identify the smallest natural piece 
of a solution which is meaningful enough to convey information about the expected 
quality of the solutions it’s part of” (Falkenauer & Delchambre, 1992). 

The fact that the better the bins are filled, the least space is wasted and better one filled bin and one less 
filled bin than two equally filled bins, results in the cost function of Falkenauer and Delchambre (1992): 

𝑓𝑓𝐵𝐵𝑃𝑃𝑃𝑃 =
∑ �𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝐶𝐶 �

𝑘𝑘
𝑓𝑓=1…𝑁𝑁

𝑁𝑁
           [16] 

With 𝑁𝑁 being the number of bins used, 𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑖𝑖  the sum of sizes of the objects in the bin 𝑓𝑓, 𝐶𝐶 the bin capacity 
and 𝑘𝑘 a constant with 𝑘𝑘 > 1. 𝑘𝑘 = 2 gives good results according to Falkenauer en Delchambre (1992). 
Larger values of 𝑘𝑘 seem to lead to premature convergence of the algorithm, as the local optima, due to a 
few well-filled bins, are too hard to escape.  

Hussain and Sastry (1997) describe their fitness function in three-fold. The minimization of the number of 
bins is equivalent to the maximization of the contents in the bins. Let 𝑁𝑁 be the number of bins used and 
𝑥𝑥𝑖𝑖, 𝑓𝑓 = 1 𝑓𝑓𝐿𝐿 𝑁𝑁, be the remaining portions of the bins respectively.  

𝑎𝑎(𝑁𝑁) = 1
𝑁𝑁
∑ 𝑥𝑥𝑖𝑖𝑁𝑁
𝑖𝑖=1          [17] 
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𝑎𝑎(𝑁𝑁) = 1
𝑁𝑁
∑ |𝑥𝑥𝑖𝑖 − 𝑎𝑎|𝑁𝑁
𝑖𝑖=1          [18] 

𝛿𝛿(𝑁𝑁) = 𝑃𝑃
𝑁𝑁
𝑓𝑓          [19] 

So 𝑎𝑎(𝑁𝑁) is the average, 𝑎𝑎(𝑁𝑁) the average absolute deviation from the mean of the excess portions of the 
bins and 𝑃𝑃 is the number of the bins whose unfilled portion is greater than 𝑓𝑓. Here 𝑓𝑓 is chosen as a small 
positive quantify of magnitude 0.05 at the most. Then we can say that the maximization function will be. 

𝑓𝑓 = 1 − (𝑎𝑎 + 𝑎𝑎 + 𝛿𝛿)         [20] 

In fact, there are other important objectives that need to be addressed for bin packing problems. For 
example, the issue of balancing, to make the center of gravity of packed items as close as possible to a 
target point. It is therefore common that more than one optimization factor is imbedded in the fitness 
function.  

Fonseca and Flemming (1993) in their paper describe a rank-based fitness assignment method for Multiple 
Objective Genetic Algorithms (MOGAs). Multi-objective optimization seeks to optimize at the components 
of a vector-valued cost function. Unlike single objective optimization, the solution to this problem is not 
a single point, but a family of points known as the Pareto-optimal set.  

There are countless fitness functions that are applicable in specific cases, and so there will be for the case 
of JDR. It is important that the cost function not only ranks instances of the solutions, but to make sure 
that the cost function also directs the search of the algorithm towards optimality.  

2.3.4 Selection  

The basic idea of selection is that it should be related to fitness. Chromosomes are selected to mate 
together and provide offspring that will be fitter than the previous generation. ‘Survival of the fittest’ is 
the leading phenomenon in this selection process.  

Roulette-wheel selection and tournament selection are the original and commonly known for 
implementation of selection (Baxter et al., 2002; Sivanandam & Deepa, 2007). It is important to mention 
that during selection, one has to prevent that the same chromosome is selected to mate with themselves. 
In the beginning stage this will not be a problem but when convergence of the chromosomes starts, this 
will cause disruption. Then in the next generation, the chance will be doubled that this particular 
chromosome is chosen for mating again.  

Originally roulette-wheel selection (RWS) is used as the selection method (Baxter et al., 2002). The 
commonly used reproduction operator is the proportionate reproductive operator where a string is 
selected from the mating pool with a probability proportional to the fitness (Sivanandam & Deepa, 2007). 
The stochastic universal selection (SUS) is proven by Baker (1987) to give a better stochastic solution. The 
difference is that the ‘roulette wheel’ is not spun several times, but more pointers are present during one 
spin.  

Another method is scaling. Scaling has the associated problem that one has to find a proper scaling 
measure, only using the fitness as a scaler give inefficient solutions. Simply using the objective 𝐿𝐿(𝑥𝑥) is 
rarely sufficient, because the scale on which 𝐿𝐿(𝑥𝑥) is measured is important. (e.g., values 1 and 2 are much 
more clearly distinguished than 5010 and 5020) (Baxter et al., 2002). Further, if the objective is 
minimization rather than maximization, a transformation is clearly required. Lastly, after each iteration 
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re-scaling is necessary. Ranking is therefore proposed as a better alternative for scaling (Baxter et al., 
2002; C. Reeves, 1996). The chromosomes are scaled on their fitness and have the chance Pr[𝑘𝑘] to be 
chosen. In the case of linear ranking, we assume now Pr[𝑘𝑘] = 𝛼𝛼 + 𝛽𝛽𝑘𝑘 where 𝛼𝛼 and 𝛽𝛽 are positive scalers 
and are chosen to denote the selection pressure. Note that: 

∑ (𝛼𝛼 + 𝛽𝛽𝑘𝑘) = 1 → 𝑁𝑁 �𝛼𝛼 + 𝛽𝛽 ∗ 𝑁𝑁+1
2
� = 1𝑁𝑁

𝑘𝑘=1       [21] 

So, the bigger 𝛽𝛽 the higher the pressure to take the fittest individual.  

With tournament selection, 𝜏𝜏 chromosomes are selected and compared. The best ones being selected for 
parenthood. This approach is the same as linear ranking if strict tournament is used. This means that every 
string will be compared 𝜏𝜏 times on average, and the best string will be selected every time (Baxter et al., 
2002; C. Reeves, 1996).  

The last selection method used is called truncation selection which is derived from animal breeding. Only 
the top 𝑃𝑃% of the population are eligible to reproduce and within this group parents are chosen uniformly 
at random (Sivanandam & Deepa, 2007).  

Other terms that are mentioned by Baxter (2002) are elitism and population overlap. To make sure that 
the best solutions of the previous generation are not thrown away, elitism makes sure that a 𝑃𝑃% of these 
solutions is represented in the new generation, without any crossover or mutation. A genetic algorithm is 
said to be elitist if the ‘fittest’ solution of the generation is always equal or better than its previous 
generation. Elitism causes the GA to converge (Baxter et al., 2002). Overlapping on the contrary only takes 
a part of the ‘children’ in the new generation.  

It is mentioned that we have to take care to not let two similar parents’ mate with each other and prevent 
incest. As a population evolves, individuals become more and more similar, thus it becomes harder to find 
suitable parents. Elitism prevents incest because a 𝑃𝑃% of the parents is always found in the next 
population which indicates that there are always mating partners to be found.  

In conclusion, selection is directly related to the users’ choice of selection strategy and parameters. 
Selection intensity is a value derived and chosen by reasoning, and one that is also specific to the current 
population (Baxter et al., 2002). Selection intensity is described as the measure of intensity in which 
‘survival of the fittest’ is applicable and thus the measure in which the GA prefers the more fitter 
chromosomes over the less fitter ones (Sivanandam & Deepa, 2007).  

2.3.5 Crossover 

Crossover is a mechanism to produce new offspring(s) by exchanging information 
between the potential strings selected from the mating pool. The offspring is distinctly 
different from the parental chromosomes but contains some parents’ characteristics. 
This process tries to retain the important information of the existing generation in 
developing the next generation. We are generally expected to get better offspring in 
the next generation (Hussain & Sastry, 1997).   

There are different techniques with different strategies behind it. Treating crossover as a linear operator 
makes sense when dealing with binary strings. However, when the representation is non-linear, crossover 
has to be reinterpreted. One of the most frequently occurring problems is where the chromosomes 
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solution space represents permutations. Examples of this include many scheduling problems, and the 
famous traveling salesman problem (Baxter et al., 2002). For the variable size bin packing problem (VSBPP) 
it is important that after crossover of this permutation, the offspring chromosome contains each element 
once and only once, so there exist a new permutation of items to be assigned by the First-Fit algorithm of 
Delorme (1997). Genetic operators for reordering a sequence of symbols may be divided into two classes: 
unary operators, which require one parent to produce one or more children, and binary operators, which 
require two parents. Binary operators are more sophisticated in theory and implementations because 
they use the information from two parents. But therefore, binary operators have a greater opportunity to 
reproduce common or valuable attributes (Fox & Mcmahon, 1991). Fox and Mcmahon (1991) present 4 
operators in their literature review that are most common: order crossover (OX), cycle crossover (CX), 
partly mapped crossover (PMX) and edge recombination (ER). The latter one is left out of consideration 
because it is focused on the Traveling Salesman Problem (TSP).  

OX creates children which preserve the order and position of symbols in a subsequence of one parent 
while preserving the relative order of the remaining symbols from the other parent. The subsequence 
between the cutting points from one parent is copied, after which the rest of the chromosome is copied 
in, retaining order, from the other parent. The duplicates are skipped. C1 is mentioned by C. Reeves, 1996 
and is almost the same. It only implicates that we don’t start to fill from right side of the cutting point, but 
we start on the left.  

CX finds a cycle of genes between to parents. Then the cycle of the first parent is taken, and the rest of 
the chromosome is filled by the second parent. Two points are chosen as the boundary for the series of 
copying operations. This process is more time consuming because a ‘cycle of genes’ has to be constructed 
by the so-called closure algorithm. It has the drawback that it can generate identical chromosomes and it 
is initially developed for the TSP as well.  

PMX choses a random substring from the parents. The subgroups are exchanged and ‘relation-ship’ 
mapping takes place. The relations are then examined, and the genes are swapped when duplicates occur. 
PMX creates children which preserve the order and position of symbols in a subsequence of one parent 
while preserving the order and position of many of the remaining symbols from the other parent.  

Binary mask crossover generates a ‘mask’ string that is the length of the chromosome but contains only 0 
and 1. At the places of the 1s the genes of the first parent is filled in and at the places of the 0s the second 
parent is used to fill the gaps (Baxter et al., 2002). It is compared with OX but Baxter (2002) noticed that 
it by no means exhaust the possibilities for dealing with permutations. Also, particular problems raise 
particular issues.  

Subtour chucking crossover was tested by Hussain and Sastry (1997). Subtour chunking crossover can be 
described as follows. Two mating parents are selected. A random chunk of each parent is chosen, the 
duplicates are then removed, and the process is repeated until the child chromosome meets the 
requirements.  

Sivanandam & Deepa, 2007 discus Precedence Preservative Crossover (PPX) which was developed by 
Blanton and Wainwright (1993) for the vehicle routing problem and by Bierwirth (1996) for other 
scheduling problems. The operator passes on precedence relations of operations given in two parental 
permutations to one offspring at the same rate, while no new precedence relations are introduced.   



Chapter 2: Theoretical Background 
 

26 
 

In the first algorithms developed by Holland (1992) he mentions inversion. Inversion is not much of a 
crossover operator but changing the order of a chromosome. The idea behind this inversion, is to bring 
the genes that together determine a certain characteristic of the solution, closer together which will help 
produce better offspring when convergence starts. This will direct the good solutions further in the right 
direction because the closer the genes that interact with each other, the more likely that those genes will 
be unchanged passed through the offspring.   

Lastly, there are other practical considerations to think of are ‘How often is crossover applied’ and ‘do we 
generate one or two offspring’s per crossover’. Also, there exist techniques that combine more than two 
parents into new offspring. Some practitioners always apply crossover, some never and other use a 
stochastic approach, applying crossover with a certain probability called crossover rate.   

2.3.6 Mutation  

Mutation is a process in which we induce a sudden change by selecting a gene and changing its value. 
Mutation is there to prevent from getting stuck in a local optimum. The parameter to be set is the number 
of mutations per chromosome. Because we deal with the variable size bin packing problem (VSBPP) we 
still have to maintain a permutation in which every item appears once and only once. Therefore, swap 
mutation, also called interchanging mutation, is the most common mutation. Two elements are swapped 
with each other so the new permutation is still feasible (Sivanandam & Deepa, 2007). Again, we also have 
the mutation rate, which indicates the stochastic rate in which mutation takes place. The more mutation, 
the more random the search, but the easier to escape from local optima.  

Baxter et al (2002) also speaks about ‘annealing’ the mutation rate. The technique is based on simulated 
annealing which basically holds that the mutation rate changes when the chromosomes in the population 
start converging. 

2.3.7 Termination  

Because of the nature of the Bin Packing Problem in the combinatorial optimization problems (COPs), it is 
not possible to calculate the optimal or final solution. Moreover, generic search algorithms have not 
guaranteed to find and optimal solution at all (Geetha et al., 2009). Therefore, the GA will never stop 
automatically when it has reached optimality or near optimality. When not terminated, GAs are stochastic 
search methods that could in principle run forever (C. R. Reeves, 2005).  

There are numerous different termination criteria. Among others, number of iterations, time passage, 
convergence of the population and different threshold values are used. Dellaert, Jeunet, & Jonard, 2000 
proposed in their paper also that the improvement of the fittest individual made every iteration can serve 
as termination threshold. When the improvement reaches a threshold, the GA is terminated, and the 
solution is found to be (near) optimal.  

It is noticed that for every particular problem, particular termination criteria exist. In the transportation 
world, it is for example important that the trucks’ fill rate is as high as possible. A termination criterion for 
such a situation could be that when the fill rate of the best solution in the population reaches a threshold 
value, the GA is terminated.    
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3. Development of a Genetic Algorithm    

In chapter 2, the use of (meta-)heuristics was proposed to solve the Variable Size Bin Packing Problem 
(VSBPP). More specific, the (meta-)heuristic approach of a Genetic Algorithm (GA) was found most 
suitable. The GA is a search algorithm that is based on the principal of ‘survival of the fittest’. The pseudo 
code for a GA is given by Baxter et al., (2008) and C. R. Reeves (2005) and shown in the introduction of 
section 2.3. This pseudo code is used to walk through the different steps of a GA. For each step, the 
different techniques, methods and parameters are mapped. It is dependent on the problem context which 
of these are chosen to formulate a GA that solves the problem in that specific context.  

In this chapter, with respect to the design science methodology (Wieringa, 2014), an artifact is designed 
in the form of a GA. This GA will be placed in the context of the Cross-Chain Control Center (4C) of Jan de 
Rijk Logistics (JDR) with the goal to solve the VSBPP. In this chapter, again the pseudo code is used to map 
the different steps of the GA. In Table 4 an overview of the developed GA is given. The reasoning behind 
these choices is explained in the following sections. The Crossover technique, the choice for seeding and 
the selection pressure are left to be set in the next chapter during further analysis.  
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TABLE 4: TECHNIQUES AND PARAMETERS CHOSEN FOR THE GA DEVELOPMENT 

Pseudo code 
(steps) 

Technique used Formula Parameters Values 

Encoding Permutation  N/A N/A N/A 
Initial 
population 

Size of the initial 
population  

𝑆𝑆 = 10𝑞𝑞 + 1.666𝑞𝑞 ∗ log (𝑙𝑙)       [23] 𝑆𝑆  number of chromosomes in the 
initial population 
𝑞𝑞   cardinality of the alleles 
𝑙𝑙   length of the chromosome 

𝑞𝑞 = 8  

Fitness 
function 

Falkenauer and 
Delchambre 𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 =

∑ �
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
𝐶𝐶𝑓𝑓

�
𝑘𝑘

𝑓𝑓=1…𝑁𝑁

𝑁𝑁
                       [26] 

𝑁𝑁 number of bins used 
𝐶𝐶𝑖𝑖 available capacity of carrier 𝑓𝑓 
𝑘𝑘 ≥ 1 constant for the fillrate  

𝑘𝑘 = 1.19  

N/A 𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑖𝑖 = (13 −
𝑎𝑎𝑎𝑎𝑎𝑎𝑓𝑓𝑙𝑙𝑎𝑎𝑎𝑎𝑙𝑙𝑓𝑓 𝐿𝐿𝐿𝐿𝑎𝑎𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿 𝑚𝑚𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑓𝑓𝑖𝑖) +
𝑎𝑎𝑓𝑓𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓𝑓𝑓𝑎𝑎 𝑓𝑓ℎ𝑓𝑓𝑖𝑖𝑚𝑚𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑖𝑖                [25] 

𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑖𝑖 is the sum of the shipments 
assigned to a carrier 

N/A 

Ranking  𝑃𝑃 = (𝐿𝐿𝑀𝑀1 ∗ 𝑖𝑖1) + (𝐿𝐿𝑀𝑀2 ∗ 𝑖𝑖2) +
(𝐿𝐿𝑀𝑀3 ∗ 𝑖𝑖3) + (𝐿𝐿𝑀𝑀𝐿𝐿 ∗ 𝑖𝑖𝐿𝐿)          [27] 

𝑃𝑃 total penalty 
𝐿𝐿𝑀𝑀1…𝑢𝑢 total loading meters 
assigned to option 1 …𝐿𝐿 with 𝐿𝐿 
unassigned 
𝑖𝑖1…𝑢𝑢 is the penalty for each option 

𝑖𝑖1 = 0  
𝑖𝑖2 = 1  
𝑖𝑖3 = 2  
𝑖𝑖𝑢𝑢 = 18  
 

Combination of fitness 
functions 

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝑟𝑟𝑓𝑓 ∗  𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑟𝑟𝑟𝑟 ∗ 𝑃𝑃𝑛𝑛    [28] 𝑟𝑟𝑓𝑓 rate to what extend the 𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 is 
considered 
𝑟𝑟𝑟𝑟 rate to what extend the 𝑃𝑃𝑛𝑛 
(normalized penalty) is considered 

N/A 

Selection Ranking selection ∑ (∝ +𝛽𝛽𝑘𝑘) = 1 →𝑛𝑛
𝑘𝑘=1                  [21] 

 
𝑓𝑓 �𝛼𝛼 + 𝛽𝛽 ∗ 𝑛𝑛+1

2
� = 1                    [21] 

𝑓𝑓 number of chromosomes selected 
for crossover 
𝛼𝛼 constant evaluated for   
𝛽𝛽 constant evaluated for  

𝛼𝛼 = 1
3
𝛽𝛽   

𝛼𝛼 = 1
2
𝛽𝛽  

𝛼𝛼 = 𝛽𝛽  
𝛼𝛼 = 2𝛽𝛽  
𝛼𝛼 = 3𝛽𝛽  

Elitism N/A 𝐸𝐸 % of the population that is elite 𝐸𝐸 = 0.4  

Mating population N/A 𝑀𝑀 % of the population of which 
mating partners are selected 

𝑀𝑀 = 0.5  

Crossover Partly Mapped         
Crossover 

N/A N/A N/A 

Precedence Preserving 
Crossover  

N/A N/A N/A 

Mutation Swap mutation N/A N/A N/A 

N/A 𝑓𝑓𝑟𝑟.𝑚𝑚𝐿𝐿𝑓𝑓𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓𝑓𝑓 = 0.05 ∗ 𝑙𝑙          [31] 𝑙𝑙 chromosome length  N/A 

Annealing rate 𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃 = max (15 + 0.25 ∗ 𝑁𝑁; 40) 
[32] 

𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃 annealing rate for PMX 
𝑁𝑁 population size  

N/A 

𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃 = max (10 + 0,14 ∗ 𝑁𝑁; 25) 
[33] 

𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃  annealing rate for PPX 
𝑁𝑁 population size 

N/A 

Termination 
  

St. deviation of fitness N/A 𝑎𝑎𝑓𝑓𝑓𝑓𝑙𝑙𝑎𝑎 threshold of change in st. 
deviation 

𝑎𝑎𝑓𝑓𝑙𝑙𝑓𝑓𝑎𝑎 =
0.0001  

Benchmark Ordered First Fit  N/A N/A 

Time N/A N/A 10 minutes 
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3.1 Initiation   

Initiation is the first step that is applied before the GA can actually start its search. The data needs to be 
encoded and an initial population could then be generated.  

3.1.1 Data generation  

The Genetic Algorithm (GA) is developed to solve the variable sized Bin Packing Problem (VSBPP). As 
discussed in section 2.1.2, and also encapsulated in Figure 6, the BPP originates in the combination run. 
The necessary data that is available to solve the BPP is shown in Figure 11, which is directly derived from 
Figure 7. The data will be dispatched in groups that consist of shipment together with their relevant 
transport entities. Those group will form the BPPs to be solved. To speak in terms of JDR, those groups of 
shipments and transport entities are called transport clusters. These clusters are created by rules that are 
developed by JDR. Among other things, clustering is based on location. E.g. Frankfurt, Amsterdam and 
London are one cluster for air fright. If a shipment originates in this area, it automatically belongs to that 
clusters. The planners at JDR are all responsible for a certain clusters and more specific clusters can be 
established. Clustering of the shipments is left out of scope. The GA will start with a group of related 
shipments and transport entities that have to be assigned to each other and together form a VSBPP.  

For testing, we thus have to generate clusters. In the JPLEXS (Jan de Rijk Planning and Execution platform) 
environment, the advanced planning and scheduling system of JDR, a script is available that generates 
shipments for testing. For carrier connections and carrier services (and thus for transport entities) there 
is not such a script available. To form a cluster, those transport entities have to be created by hand.  

To verify the performance of the GA, a significant amount of different problems of different sizes have to 
be tested. It was therefore chosen to generate both shipments and transport entities outside the JPLEXS 
environment. The available and required loading meters expressed in LM are randomly generated 
between 0 < 𝐿𝐿𝑀𝑀 ≤ 13  , with respect to a full truck load (FTL) of 13LM. The ‘listed transport options’ are 
generated by first checking which transport entities have enough available loading meters, and then 
randomly pick a maximum of 3 of them. The order in which they are picked is equal to the way they are 
listed. So, the first picked option is seen as the most preferred option.  

Our goal is to find a method that will improve the Carrier assignment advice with respect to calculation 
time and optimality. In the script there is a certain distribution present that generates shipments with 
certain characteristics. This distribution will only influence the ‘values supposed to be optimal’ for each 
problem. It does not influence the ‘search’ strategy and the ‘relative optimality’ of the final solution. 
Therefore, it does not influence the performance of the GA to be developed and it is verified to work with. 

3.1.2 Encoding 

Several different encoding schemes are developed to encode the Bin Packing Problem (BPP). In Baxter et 
al., 2002; C. Reeves, 1996; Sivanandam & Deepa, 2007 two classical encoding schemes were discussed for 
the BPP. The first was binary encoding where the variable 𝑥𝑥𝑖𝑖𝑗𝑗  was set to 0 or 1 if an item 𝑓𝑓 was assigned 

FIGURE 11: INPUT DATA FOR THE VARIABLE SIZE BPP 
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to bin 𝑗𝑗. The second encoding scheme was based on items which get assigned the ID of a bin. Figure 12 
shows an example of a chromosome where the value in the chromosome represents the bin’s ID; item 1 
is placed in bin 4, item 2 is placed in bin 5, etc.  

Item ID 1 2 3 4 5 6 7 8 9 10 11 
Bin ID 4 5 4 3 1 4 1 2 2 3 5 

FIGURE 12: EXAMPLE OF ENCODING SCHEME 

This encoding scheme was tested for the variable sized Bin Packing Problem (VSBPP) of JDR. Because of 
the extra constrains that where added (variable sized bins and the use of ranked transport options), this 
method was found impractical. After crossover or mutation, it was highly possible that infeasible offspring 
chromosomes where created. ‘How to assign a fitness values to such infeasible strings is not clear. There 
was some guidance given by Richardson (1989) on the use of penalties to deal with those constraints, but 
a completely satisfactory solution to this problem was not yet been found (C. Reeves, 1996)’. The failure 
of this test is supported by Falkenauer and Delchambre (1992) who showed that the classical genetic 
approach cannot work efficiently for certain kind of problems and therefore developed the grouping 
genetic algorithm (Delorme et al., 1997).  

The encoding scheme that will be applied is based on the permutation in which the shipments will be 
presented to the First Fit (FF) (Coffman et al., 1981; Delorme et al., 1997). This hybridized method is the 
most applied and cited in literature for Genetic Algorithms (GA) that deal with VSBPPs (Haouari & Serairi, 
2009; Hussain & Sastry, 1997; Junkermeier, 2015; C. Reeves, 1996).  

Evolutionary algorithm (EA) is usually hybridized with a heuristic placement routine. In 
this two-stage approach, EA searches for optimal input sequence of items and heuristic 
placement routine determines how the input sequence of items is packed into bins  (Liu 
et al., 2008)  

The chromosome is now represented as the sequence in which the orders are presented to the placing 
algorithm. Figure 13 presents an example chromosome in which we can see the permutation of shipments 
𝑆𝑆1 … 11; shipment 11 is presented first and shipment 4 will be last.  

sequence 1 2 3 4 5 6 7 8 9 10 11 
Shipment S11 S3 S9 S8 S10 S5 S7 S2 S1 S6 S4 

FIGURE 13: EXAMPLE OF ENCODING SCHEME (PERMUTATION) 

3.1.3 Initial population  

The choice of the population size has been approached from different points of view, but the underlying 
idea is always the trade-off between efficiency and effectiveness. For each problem, the population size 
will depend on the complexity of the problem (Sivanandam & Deepa, 2007). In the case of Jan de Rijk 
(JDR), the complexity is highly related to the number of shipments to be assigned (problem size).   

Function [15], initially developed for the Traveling Salesman Problem (TSP), was left out of consideration 
because in the problem setting, the edges (adjacent shipments in the sequence) are not important. 
Therefore, function [14](Baxter et al., 2008) is used as the basis for the calculation of the initial size. 

 𝑆𝑆 = 𝑎𝑎 + 𝑎𝑎 log(𝑙𝑙)         [14] 



Chapter 3: Development of a Genetic Algorithm 
 

31 
 

The parameters 𝑎𝑎 and 𝑎𝑎 are not known or discussed in the paper of Baxter et al. (2008) and are therefore 
derived from the graph in Figure 10. 𝑎𝑎 and 𝑎𝑎 are only to be told to slightly increase linear with cardinality 
𝑞𝑞 of the bits. 

𝑎𝑎 = 10 ∗ 𝑞𝑞 and  𝑎𝑎 = 1.666 ∗ 𝑞𝑞       [22] 

We now obtain the final formula for the initial population size 𝑁𝑁 by inserting these parameters [22] in 
function [14] 

𝑆𝑆 = 10𝑞𝑞 + 1.666𝑞𝑞 ∗ log (𝑙𝑙)        [23] 

The cardinality is derived as follows. Basically, every allele has a cardinality that is equal to the length of 
the chromosome. If we use this cardinality, for the larger problems, the population size will still explode. 
But the cardinality is decreased by the following reasoning. Basically, the cardinality is equal to the number 
of shipments that is competing to be assigned to the same truck; the shipments that have the same truck 
listed number 1 in their transport options. The relative order of those shipments is important for the final 
solution. Unfortunately, there is no such data about the distribution for competing shipments available. 
It was found that 𝒒𝒒 = 𝟖𝟖 was adequate for now. Knowing that we couldn’t derive the population size 
directly form the cardinality, we still have the ‘form’ of the impact of increasing chromosome length into 
account.  

The question for the optimal initial population size is not yet been answered in literature. Adding the fact 
that the values we use are distracting values from a graph and that the cardinality is also a derivative, we 
can conclude that this is not significantly accurate. Tough, this estimate is mitigated by the high 
randomness that is added by a relatively high mutation rate. With the proposed initial population size, we 
seek to find an initial population which contains every possible allele; by using this estimate and the high 
mutation rate, the probability that every value for each allele is present in the population increases 
significantly.  

Furthermore, seeding with the assignment generated by the Ordered First Fit (OFF) algorithm (Baxter et 
al., 2008) is tested for and the result will be showed in the analysis. Seeding is explained in section 2.2.2. 

3.2 Fitness function  

The fitness function is one of the most important features of the Genetic Algorithm to be developed. As 
discussed in section 1.3.4, one of the complicating factors of making an assignment of shipments to 
carriers, is the fact that it is not defined what an optimal assignment should look like. Multiple 
optimization criteria have to be calculated for that result in different assignment.  

In the case of multicriteria optimization, the fitness function is definitely more difficult to determine. In 
multicriteria optimization problems, there is often a dilemma as how to determine if one solution is better 
than another. ‘What should be done if a solution is better for one criterion but worse for another? 
(Sivanandam & Deepa, 2007)’ For more advanced problems, it may be useful to consider something like 
Pareto optimally or others ideas from multicriteria optimization theory. In this section the goals of Jan de 
Rijk Logistics (JDR) in terms of optimality are translated to multiple fitness function. These are based on 
the literature of chapter 2.  
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3.2.1 Fill rate (normal) 

One of the most important features in transport, and thus for JDR, is the average fill rate of the fleet 
deployed. The better the trucks are loaded, the more efficiency is obtained. The fill rate of a truck is 
defined by the following formula (Falkenauer & Delchambre, 1992): 

𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑟𝑟𝑎𝑎𝑓𝑓𝑓𝑓 =
∑ 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝐶𝐶𝑓𝑓
𝑓𝑓=1…𝑁𝑁

𝑁𝑁
          [24] 

With 𝑁𝑁 being the number of trucks used, 𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑖𝑖  the sum of sizes of the shipments in truck 𝑓𝑓, 𝐶𝐶𝑖𝑖 the truck 
capacity. It is good to stress that if a truck is initiated with less than 13 available Loading meters, it 
implicates that the rest of that truck was already filled; the carrier can only offer the available capacity. 
So, for example, a carrier that is initiated with 10LM, implicates that 3LM is already occupied: 

𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑖𝑖 = (13 − 𝑎𝑎𝑎𝑎𝑎𝑎𝑓𝑓𝑙𝑙𝑎𝑎𝑎𝑎𝑙𝑙𝑓𝑓 𝐿𝐿𝐿𝐿𝑎𝑎𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿 𝑚𝑚𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑓𝑓𝑖𝑖) + 𝑎𝑎𝑓𝑓𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓𝑓𝑓𝑎𝑎 𝑓𝑓ℎ𝑓𝑓𝑖𝑖𝑚𝑚𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑖𝑖   [25] 

3.2.2 Fill rate by Falkenauer & Delchambre, 1992 

Falkenauer and Delchambre (1992) present their adjustment of the function [24]. This formulation reflects 
the fact that the fuller a bin is, the more room there is for the remaining objects in other bins, so increasing 
the chances of using fewer bins altogether. This translates to the function [16], that is already discussed, 
with a small adjustment of 𝐶𝐶 → 𝐶𝐶𝑖𝑖 because of variable sized bins: 

𝑓𝑓𝐵𝐵𝑃𝑃𝑃𝑃 =
∑ �𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝐶𝐶𝑓𝑓

�
𝑘𝑘

𝑓𝑓=1…𝑁𝑁

𝑁𝑁
          [26] 

𝑘𝑘 is a constant  𝑘𝑘 ≥ 1 and this function is the same as function [24] when 𝑘𝑘 = 1.    

In the case of JDR, every 30 minutes a new assignment is made. This implies that when a carrier does not 
have 𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑟𝑟𝑎𝑎𝑓𝑓𝑓𝑓 = 1, the available loading meters of this carrier are taken into consideration in the next 
run. For example, in the next run it is easier to take one carrier into account that has 9LM free and one 
that has 1LM free, than it is to take 2 carriers into account that both have 5LM free. Shipments of the size 
0-9LM can be assigned to the 9LM carrier compared with shipments of only the size 0-5LM that can be 
assigned to the 5LM carriers. According to Falkenauer and Delchambre 𝑘𝑘 = 2 gives good results. Larger 
values of 𝑘𝑘 seem to lead to premature convergence of the algorithm due to a few well-filled bins that are 
too hard to escape.  

The goal that we want to achieve with formula [26] in the particular case of JDR is that the average fill rate 
[24] is maximized, but at the same time, if we can choose between equally filled trucks or well-filled trucks 
with less-filled trucks, we will choose the latter. We thus conclude that minimizing the total amount of 
unassigned orders is more important than the way in which the bins are filled. It was noticed that with 
𝑘𝑘 = 2 the algorithm focusses too much on maximum filled bins at the cost of the total amount of 
unassigned orders.  This is illustrated in Figure 14. A data set which consists of 20 orders and 15 trucks is 
randomly created as discussed in the section initiation. The Genetic Algorithm is ran for 50 iterations and 
guided by the function [26] with 𝑘𝑘 = 2 as the fitness function.  By the nature of the GA it is obvious that 
the Falkenauer and Delchambre (F&D) function is always increasing. But, as we can see in around the 4th 
iteration, the F&D is increasing but the fillrate decreases and the total amount of unassigned orders is 
increasing. At that point, an assignment is found where ‘better filled trucks’ are preferred at the cost of 
‘average fill rate’, and consequently unassigned orders.  
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The same problem is amplified with a calculation in Table 5 in which we find two random assignments in 
which the total amount of assigned orders appeared to be less, but the assignment is still preferred by its 
fitness when 𝑘𝑘 = 2 is chosen. 

 

TABLE 5: EXAMPLE CALCULATION WHERE UNASSIGNED ORDERS ARE COMPARED WITH THE FALKENAUER AND DELCHAMBRE (K=2) 
FILLRATE. 

 

 

A value of 𝑘𝑘 has to be searched for that still differentiates different assignments with the same amount 
of ‘assigned loading meters’, but as soon as the ‘assigned loading meters’ increase it also has to react 
proportionally. In Figure 15 we can see two graphs, the left for 𝑘𝑘 = 2 and the right for 𝑘𝑘 = 1,19. The lines 
represent assignments of different LM over two trucks. On the left we start with two trucks that are filled 
most equally and we end on the right with the trucks filled most unequally. So, for ’12 LM assigned’ this 
means that on the left we start with an assignment of 6LM to both trucks while we end with 1LM and 
11LM. It is found that for 𝑘𝑘 = 1,19 (see the right), it is still differentiated between different assignments 
with the same total amount of loading meters, but as soon as the total amount of loading meters 
increases, it is not possible for the lower one to reach it. The dotted lines show that it is not able to reach 
the same outcome with different ‘total loading meters assigned’.  

It will not be possible to calculate the exact number for 𝑘𝑘 where for every assignment it holds that the 
‘average fillrate’ is always the maximum, because in the real case of JDR we deal with new problems every 
30 minutes. This new data is having varying number of bins with varying available loading meters. 
Therefore, it is chosen that 𝒌𝒌 = 𝟏𝟏,𝟏𝟏𝟏𝟏 is the best choice.  

 Truck 1 Truck 2 Total assigned F&D fillrate  
Assignment 1 7 LM 7 LM 14 LM 0.29 
Assignment 2 10 LM 3 LM 13 LM 0.32 
     

FIGURE 14: FILLRATE VERSUS UNASSIGNED ORDERS 
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3.2.3 Ranking 

Another important aspect for a shipper is the cost of transport. This cost of transport is assigned by the 
carrier. The carriers all have different cost calculation approaches, but some common variables are 
distance, weight, length, and service level. It is not yet defined by Jan de Rijk (JDR) how the cost of 
transport will be divided over the shippers who are sharing the capacity of one carrier within the Cross-
Chain Control Center (4C). When carriers present their available fleet to the control center, the cost of 
transport is yet defined and the distance, weight, length and service level are not relevant anymore. So, if 
a shipper makes use of a certain truck, the cost of transport is fixed for the entire offered loading meters 
together. In the ideal world, one should know the exact costs of transport for every shipment. One could 
than calculate the exact tradeoffs and find the optimal assignment regarding total cost. Nevertheless, an 
indirect optimization function has to be developed that implies the cost of transport.  

The ranking function proposed (function [27]) is based upon the ranking method for Multi-Objective 
Genetic Algorithms (MOGAs) (Fonseca & Fleming, 1993) and the pareto ranking scheme used by (Liu et 
al., 2008). In multi-criteria optimization there always exist a trade-off between two or more optimal 
values. This ranking function [27] will now be explained briefly.  

If we go back to step 1 of the optimization, ‘calculating transport options’ in Figure 6, we find that this 
cost of transport is taken into account in the listing process. Firstly, the available carrier is evaluated on 
feasibility. Secondly, if all the feasible carrier options are known for a specific shipment, these feasible 
options can be listed. As already discussed, listing goes via the following criteria: 

- Price agreement 
- Carrier connection or Carrier service 
- Weighted average of the KPI’s defined on carrier company 
- References 
- Start Time 
- Random  

It is therefore said that the best transport options (the first listed), is the cheapest carrier 
connection/service available with the best KPIs, references and start time. We can state that if we assign 
every shipment to its ‘best’ listed carrier, this assignment is the cheapest assignment possible. Although, 
it will probably not be possible to assign every shipment to its ‘best’ listed carrier due to capacity 
restrictions of the trucks. Therefore, the overall goal is to maximize the fill rate and thus minimize the 

FIGURE 15: THE LEFT PLOT IS FOR K=2 AND THE RIGHT PLOT IS FOR K=1,19 
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total amount of unassigned shipments while assigning the shipments to their ‘best possible’ transport 
option (the same consideration as we found in the previous section, where we had to find a 𝑘𝑘 that still 
differentiates different assignments with the same amount of ‘assigned loading meters’, but as soon as 
the ‘assigned loading meters’ increase it also has to react proportionally). 

The above mentioned can be translated into a penalty function. If a shipment is not assigned to its best 
option, a penalty is established. The lower the assigned carrier appears in the listed options, the worse 
the penalty is. In the particular case of JDR it is chosen to give each shipment, three transport options plus 
the option to be unassigned. So the following penalties are established.  

- 𝑖𝑖1 : penalty if the shipment is assigned to its 1st transport option 
- 𝑖𝑖2 : penalty if the shipment is assigned to its 2nd transport option   
- 𝑖𝑖3 : penalty if the shipment is assigned to its 3rd transport option  
- 𝑖𝑖𝐿𝐿 : penalty if the shipment is unassigned  

The penalty is multiplied with the amount of loading meters. This indicates that the ‘bigger’ shipments get 
priority over the smaller orders. So for example, it is primarily attempted to assign both 3LM and 10LM 
shipments to their best transport option, but when this is not possible, 10LM will be assigned to its best 
and 3LM to its second best.  

Function [27], from now on called ranking function, is established with respect to the above mentioned 
with 𝐿𝐿𝑀𝑀1…3 𝑎𝑎𝑓𝑓𝑎𝑎 𝐿𝐿𝑀𝑀𝐿𝐿 as the total amount of loading meters that is assigned to its first, second and third 
listed option or the unassigned option: 

𝑃𝑃 = (𝐿𝐿𝑀𝑀1 ∗ 𝑖𝑖1) + (𝐿𝐿𝑀𝑀2 ∗ 𝑖𝑖2) + (𝐿𝐿𝑀𝑀3 ∗ 𝑖𝑖3) + (𝐿𝐿𝑀𝑀𝐿𝐿 ∗ 𝑖𝑖𝐿𝐿)    [27] 

𝑃𝑃 is the total penalty and the parameters 𝑖𝑖1…𝑢𝑢 are the determining factor in this formula. The proportional 
relationship of these values determines whether tradeoffs will be made. If the values are close to each 
other, the algorithm will sometimes decide to assign a shipment to its 2nd or 3rd listed option, to make 
room for other shipments so that the overall ranking is optimized.  

These parameters are case specific, but as mentioned before, we do not know the exact costs of transport 
per shipment yet. It is thus not possible to calculate the ‘average’ magnitude or relations between the 1st, 
2nd and 3rd listed transport options. Tough, we state that the overall amount of unassigned orders is 
required to be as low as possible (and consequently the reach the highest fill rate) while still assigning 
shipments to their best listed ‘possible’ transport option. Therefore, the bigger the gap between the 
penalty of the unassigned orders and the penalties of the assigned orders, the more emphasis is 
established on the unassigned orders. This emphasis is established at the cost of the assignment of 
shipments to their best listed option because tradeoffs will be made. Sometimes, it is in that situation 
better to assign shipments to their 2nd

 or 3rd best option, so unassigned shipments will have space to be 
assigned. 

To find the right magnitude for the gap, some parameters settings are tested for examples with 20, 50 
and 100 orders divided over 15, 40 and 100 trucks respectively. This data is generated confirm with section 
3.1.1. Also, the same initial population will be used to guarantee the same starting criteria which consists 
of respectively 50, 70 and 100 chromosomes. Due to randomness of the crossover and mutation the 
average of 20 runs was calculated. A benchmark result (Table 6) was calculated for with the fitness 
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function equal to ‘average fill rate’ to see what happens if we only search for ‘the least amount of 
unassigned orders’.  

TABLE 6: BENCHMARK RESULTS FOR 20, 50 AND 100 ORDER PROBLEM 

 

Secondly, the fitness function was set equal to the ranking function [27]. The penalty values [𝑖𝑖1,𝑖𝑖2,𝑖𝑖3,𝑖𝑖𝑢𝑢] 
are different and the results are presented in Table 7.  

TABLE 7: RESULTS FOR DIFFERENT PENALTY VALUES 

 

As expected, we can see in Table 7 that larger the gap between the unassigned order penalty and the 
other penalties, the less loading meters are unassigned. The effect is more significant if the amount of 
orders is increasing. This is explained by the fact that the more orders, the more room for trade-offs is 
found. Also, when the gap is increasing, we can see that the distribution of loading meters between the 
1st, 2nd and 3rd listed options is getting less significant. It was tried to decrease this effect by using 
𝑥𝑥2 𝑎𝑎𝑓𝑓𝑎𝑎 𝑥𝑥3  as penalties, where x is the listed option and 𝑖𝑖1 = 0. These options end up in the middle which 
can be explained by the relative distance between the penalties. This relative distance is [0, 4, 9, 16] / 4 = 
[0, 1, 2.25, 4] and [0, 8, 27, 64] / 8 = [0, 1, 3.38, 8] but it is obvious that this would give better results if 
one has more listed options available to assign the shipments to.  

Because the magnitude or the relations between the exact costs are unknown and we only want to 
distinguish for unassigned orders, the parameters are set:  𝒑𝒑𝟏𝟏 = 𝟎𝟎, 𝒑𝒑𝟐𝟐 = 𝟏𝟏, 𝒑𝒑𝟑𝟑 = 𝟐𝟐 and 𝒑𝒑𝒑𝒑 = 𝟏𝟏𝟖𝟖. 

3.2.4 Composed fitness function  

In both the function [26] and [27] there is a trade-off made by setting the specific parameter values. If we 
combine both functions, the objective will be to minimize the total amount of unassigned orders (by 
maximizing the fillrate) with respect to the preferences based on the listing criteria. The function [28] is 
established with  𝑟𝑟𝑓𝑓 𝑎𝑎𝑓𝑓𝑎𝑎 𝑟𝑟𝑟𝑟 as the ratios for what extend the Falkenauer and Delchambre fillrate and the 
ranking will be applied. Those ratios will be tuned regarding preferences and will enable the flexibly that 
is asked for. 

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝑟𝑟𝑓𝑓 ∗  𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑟𝑟𝑟𝑟 ∗ 𝑃𝑃𝑛𝑛        [28] 

 Assigned loading 
meters to 1st listed 

Assigned loading 
meters to 2nd listed 

Assigned loading 
meters to 3rd listed 

Unassigned loading 
meters  

20 orders              49.05 29.6 13.9 58.05 
50 orders              128.75 65.7 69.3 79.25 
100 orders    274.5 111.05 115.1 187.35 

Penalty 
values  

Assigned loading meters 
to 1st listed 

Assigned loading 
meters to 2nd listed 

Assigned loading 
meters to 3rd listed 

Unassigned loading 
meters  

 20 
orders 

50 
orders 

100 
orders 

20 
orders 

50 
orders 

100 
orders 

20 
orders 

50 
orders 

100 
orders 

20 
orders 

50 
orders 

100 
orders 

[0, 1, 2, 3] 75.0 174.25 371.9 13.0 58.75 83.5 0.0 8.75 27.665 63.0 101.25 204.95 
[0, 1, 2, 8]                          62.0 151.65 365.55 28.0 63.8 81.0 1.8 41.15 44.0 59.2 86.4 197.45 
[0, 1, 2, 13] 62.5 137.6 340.15 27.5 67.75 101.95 1.7 55.5 52.7 59.3 82.15 193.2 
[0, 1, 2, 18] 63.0 136.75 324.5 27.0 67.1 114.35 1.6 57.2 57.45 59.4 81.95 191.7 
[0, 4, 9, 16] 75.0 134.25 297.95 13.0 69.85 122.1 0.0 57.5 79.45 63.0 81.4 188.5 
[0, 8, 27, 64] 66.2 135.2 304.6 23.75 66.35 121.95 0.95 60.1 70.95 60.1 81.35 190.5 
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The fillrate is calculate on the scale from 0 ≤ 𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑟𝑟𝑎𝑎𝑓𝑓𝑓𝑓𝑓𝑓𝑘𝑘 ≤ 1. Although it may not be possible for some 
problem instances to ever reach 1, we state the optimal to be reached is 1. The total penalty is therefore 
also normalized first, so the 0 ≤ 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ≤ 1 will hold. Therefore, the normalized penalty 𝑃𝑃𝑛𝑛 is 

𝑃𝑃𝑛𝑛 = 1 − 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑙𝑙 𝑏𝑏𝑝𝑝𝑛𝑛𝑡𝑡𝑙𝑙𝑡𝑡𝑝𝑝
𝑚𝑚𝑡𝑡𝑥𝑥𝑖𝑖𝑚𝑚𝑡𝑡𝑙𝑙 𝑏𝑏𝑝𝑝𝑛𝑛𝑡𝑡𝑙𝑙𝑡𝑡𝑝𝑝

        [29] 

With:  

𝑚𝑚𝑎𝑎𝑥𝑥𝑓𝑓𝑚𝑚𝑎𝑎𝑙𝑙 𝑖𝑖𝑓𝑓𝑓𝑓𝑎𝑎𝑙𝑙𝑓𝑓𝑐𝑐 = 𝑓𝑓𝐿𝐿𝑓𝑓𝑎𝑎𝑙𝑙 𝑎𝑎𝑚𝑚𝐿𝐿𝐿𝐿𝑓𝑓𝑓𝑓 𝐿𝐿𝑓𝑓 𝑙𝑙𝐿𝐿𝑎𝑎𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿 𝑚𝑚𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑓𝑓 ∗ 𝑖𝑖𝐿𝐿     [30] 

The total amount of loading meters is the sum of all the shipments together. With function [28] in place 
as the fitness function, several assignments can be created with different optimization goals. For example, 
given 𝑟𝑟𝑓𝑓 = 0 𝑎𝑎𝑓𝑓𝑎𝑎 𝑟𝑟𝑟𝑟 = 1 assigning the shipments to their best listed option is preferred above the number 
of unassigned orders.  

 3.3 Selection  

Roulette-wheel selection (RWS) (Baxter et al., 2008) was initially applied but found inappropriate. In the 
fitness function [28], the fitness is normalized. Depending the variables 𝑟𝑟𝑓𝑓 and 𝑟𝑟𝑟𝑟 the fitness value 𝑓𝑓 will 
be 0 ≤ 𝑓𝑓 ≤ 2 . It now holds that the fillrate and penalty are calculated proportionally to their optimal. In 
this way it is tried to mitigate the problem found by Baxter (2002) and Reeves (1996); simply using the 
objective function is rarely sufficient because the scale on which it is measured is more important. 
Nevertheless, the standard deviation of the probabilities was to low so there was not enough selection 
pressure for the fitter individuals. 

Ranking  (Baxter et al., 2008; C. Reeves, 1996)  is chosen as the selection strategy. By setting 𝛼𝛼 and 𝛽𝛽  in 
formula [21] we can decide ourselves the selection pressure.  

∑ (∝ +𝛽𝛽𝑘𝑘) = 1 → 𝑓𝑓�𝛼𝛼 + 𝛽𝛽 ∗ 𝑛𝑛+1
2
� = 1𝑛𝑛

𝑘𝑘=1       [21] 

It was tested for:  

𝛼𝛼 = [1
3
𝛽𝛽 , 1

2
𝛽𝛽 , 𝛽𝛽 , 2𝛽𝛽 , 3𝛽𝛽].  

Where 𝛼𝛼 = 1
3
𝛽𝛽  results in the highest pressure while 𝛼𝛼 = 3𝛽𝛽 results in the lowest selection pressure. The 

results will be briefly explained in the next chapter and this parameter setting is left ‘open’ for testing.  

Furthermore, elitism is used to prevent good solutions to disappear by the cause of randomness of the 
crossover and mutation. A 𝐸𝐸% of the best solutions survive in the next generation without any crossover 
or mutation. The higher the elitism, the less impact crossover will have. If for example 𝐸𝐸 = 1, we say the 
only individuals are added to the new generation that have equal or higher fitness than the worst 
individual in the population. If it happened to be that by crossover and mutation no such offspring is 
created, these offspring are deleted, and the population stays the same for that iteration. Tough, by 
crossover, it is possible that new potential subsequences are introduced that in their current chromosome 
are not significant but might be effective after another round of crossover. The process of creating, 
deleting and survival might be spread over several iterations. First 𝐸𝐸 = 0.5 was set to experience a 
moderate effect. After we found that 𝑀𝑀 = 0.5 (explained later on) was set for mating, it was now the case 
that the 𝑓𝑓𝑙𝑙𝑓𝑓𝑓𝑓𝑓𝑓 𝑖𝑖𝐿𝐿𝑖𝑖𝐿𝐿𝑙𝑙𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓 was equal to the 𝑚𝑚𝑎𝑎𝑓𝑓𝑓𝑓𝑓𝑓𝐿𝐿 𝑖𝑖𝐿𝐿𝑖𝑖𝐿𝐿𝑙𝑙𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓. To make more room for the effect of 
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crossover, but preserve a slightly moderate effect,  𝑬𝑬 = 𝟎𝟎.𝟒𝟒 was set. (Note that the standard deviation of 
the fitness is calculated over the elite population. Therefore, one also has to make sure that the elite 
population is not too small, briefly explained in section 3.6 about termination)  

The last method that is applied, is to select a mating pool previously before the ranking is applied. This is 
based on truncation selection (Sivanandam & Deepa, 2007) in which a 𝑀𝑀% of the population is selected 
as the mating pool. Nevertheless, Ranking will be used to select individuals from this mating pool, instead 
of random selection used by Sivanadam and Deepa (2007). The higher 𝑀𝑀, the less selection pressure is 
applied. We set 𝑴𝑴 = 𝟎𝟎.𝟓𝟓 to experience a moderate effect on the selection pressure.  

Bot for 𝐸𝐸 𝑎𝑎𝑓𝑓𝑎𝑎 𝑀𝑀 a moderate effect is chosen, because the selection pressure will be determined by 
function [21] which will be analyzed in the next chapter.  

3.4 Crossover  

The first crossover technique applied is Partly Mapped Crossover (PMX) (Fox & Mcmahon, 1991). PMX 
start by exchanging two subsequences, at random, within two parents. The second step is to find the 
mapping relationships. These relationships are then used to legalize the offspring again. This is shown in 
Figure 16 in which we convert parent 1 and 2 in offspring 1 and 2.  

The second crossover technique that is used for testing is the Precedence Preservation Crossover (PPX) 
(Sivanandam & Deepa, 2007). By alternating between parent 1 and parent 2 the offspring is created by 
copying bits of the designated parent and to skip duplicates. Two offspring are created by starting first 
with parent 1 and the second by starting with parent 2. Figure 17 shows an example of PPX.  

FIGURE 16: PMX EXAMPLE 
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PMX is chosen because the order and position of symbols in a subsequence of one parent while preserving 
the order and position of many of the reaming symbols from the other parent. It is also most commonly 
known and tested to be robust for many problem instances (Fox & Mcmahon, 1991). On the other hand, 
PPX passes on precedence relations of both parents with the same rate. It is seen that bits have the 
possibility to ‘travel’ through the sequence. In each crossover, they will have the possibility to become 
closer to their ‘optimal’ position in the sequence. Because no new precedence relations are added, 
disruption by mutation is really important.  

Permutation coding might at first seem irrelevant to the solution of bin-packing problems, but it is showed 
that such an approach can produce quite promising results (C. Reeves, 1996). Both methods should work 
for the problem instance of Jan de Rijk (JDR) in which the position of the shipment in the sequence with 
respect to the other relevant shipments is most significant (the relevant shipments are the shipments 
which have the same transport options and could thus be assigned to the same trucks). The relation with 
the non-relevant shipments is unimportant.  

3.5 Mutation 

The choice for swap mutation, also called interchanging mutation, as a mutation technique is straight 
forward. The alternatives only influence the number of bits that are mutated. We can experience the same 
effect by setting the parameters for mutation rate and number of mutations. Therefore, the mutation 
rate and number of mutations are more important.  

Annealing of the number of mutations, derived from annealing the mutation rate applied in (Baxter et al., 
2008), will be used. The number of mutations is initially set to affect 10% of the bits in the chromosomes. 
Because one mutation affects 2 bits, for chromosome length 𝑙𝑙 we get: 

𝑓𝑓𝑟𝑟.𝑚𝑚𝐿𝐿𝑓𝑓𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓𝑓𝑓 = 0.05 ∗ 𝑙𝑙         [31] 

By the use of an annealing number of mutations, the number of mutations will slowly decrease as the GA 
progresses. This stimulates the GA to convergence slowly. When convergence is reached, so it is below its 
delta explained in section 3.6, the number of mutations is set to its maximum again. It is tried to cause as 
much disruption as possible at that moment to escape from a plausibly local optimum. As mentioned in 
section 3.6, the GA is only terminated when the delta is passed for more than 10 iterations. Within these 
10 iterations, the GA is stimulated to escape from that (plausibly) local optimum.   

The magnitude of the decrease, further referred to as annealing rate, is important because it affects the 
calculation time of the algorithm. We want to find the solution as fast possible, but at the same time one 
also wants to make search that most of the search space is discovered. It is not possible to link the 
annealing rate directly with the convergence of the population because chromosome length is problem 
specific. The magnitude of change in standard deviation of the fitness is smaller for longer chromosomes. 
Therefore, no general bounds can be set with respect to the standard deviation.  

FIGURE 17: PPX EXAMPLE 
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Although, it is possible to calculate the convergence rate of a population that experience 0 mutation. It is 
stated that without mutation, crossover and selection will finally cause all chromosomes to converge. The 
convergence rate is simulated. 

This convergence is still related to the overall selection pressure applied. To get an indication of the 
convergence, Table 8 is created. It is simulated for the highest level of selection pressure, so in formula 
[21] we set  𝛼𝛼 = 1

3
𝛽𝛽. This high pressure is chosen because we want to find the shortest reasonable time 

after which we can lower the number of mutations because the crossover operations has reached a steady 
state and will not further improve. With a significant chance, the first possibility for the GA to terminate, 
will be the first time that the number of mutations is annealed to 0. Therefore, we want to walk through 
all the settings as quick as possible but with a reasonable time for the GA to adjust to the new setting.  

TABLE 8: CONVERGENCE OF THE POPULATION WHEN 0 MUTATION IS APPLIED 

 

 

 

 

As expected, PMX and PPX show different results. This is due to the fact that the initial selection pressure 
of a specific technique is different. It is showed that the rate is dependent of the population size.  

From Table 8 the following conclusion is drawn. The rate of decrease for PMX and PPX are the number of 
iterations after which the 𝑓𝑓𝑟𝑟.𝑚𝑚𝐿𝐿𝑓𝑓𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓𝑓𝑓 is halved. The rates derive from Table 8 with population size 𝑁𝑁: 

𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃 = 15 + 0.25 ∗ 𝑁𝑁          [32] 

𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃 = 10 + 0.14 ∗ 𝑁𝑁          [33] 

It was found that for the smaller population sizes, these rates where not efficient. A smaller population 
size is caused by a smaller number of orders in the problem due to formula [23]. A smaller number of 
orders also implicates less mutations which implicates less disruption. Therefore, a lower bound was is 
set. The lower bound for PMX is set to 40 while the lower bound for PPX was set to 25. 

The mutation rate 𝒓𝒓𝒎𝒎 itself is set to 0.8, so in 80% of the time a mutation operation is executed. This 
implicates that if the number of iterations is set to 5 we get the probabilities 𝑖𝑖 = [0.00032, 0.00128,
0.00512, 0.02048, 0.08192, 0.32768] respectively for [0,1,2,3,4,5] mutations operations in one 
chromosome. This method is preferred because we use a range of different mutations rates, a range with 
different randomness. Now we can state that even with a high selection pressure, we still have the 
opportunity to escape local optima.   

To conclude, it is less important to find the optimal 𝑟𝑟𝑚𝑚 and 𝑓𝑓𝑟𝑟.𝑚𝑚𝐿𝐿𝑓𝑓𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓𝑓𝑓 in [31] because by annealing a 
whole range of parameters is passed. It is better to set these parameters relatively too high, then too low 
so the optimal rate is surly passed. Besides, as mentioned in section 3.1.3, the higher randomness created 
by high values of the parameters 𝑟𝑟𝑚𝑚 and 𝑓𝑓𝑟𝑟.𝑚𝑚𝐿𝐿𝑓𝑓𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓𝑓𝑓 will also mitigates the insignificant ‘estimation’ 
made for the optimal population size. The disruption cause by mutation lowers the chance that a certain 
allele is never discovered.  

 50 orders 
population size = 70 

100 orders 
population size = 100 

200 orders 
population size = 150 

Partly mapped 
crossover (PMX) 

Nr iterations =33.89 
St. deviation =5.76 

Nr iterations =39.49 
St. deviation =7.77 

Nr iterations =53.22 
St. deviation =7.66 

Precedence Preserving 
Crossover (PPX) 

Nr iterations =22.6 
St. deviation =4.77 

Nr iterations =23.9 
St. deviation =4.28 

Nr iterations =33.52 
St. deviation =5.95 
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3.6 Termination criteria 

The first termination criteria used is based on the convergence of the population. This implicates that the 
Genetic Algorithm (GA) will be terminated when the chromosomes will become identical. As noticed by 
(Dellaert et al., 2000), it may be possible that the chromosome will never become identical because 
multiple chromosomes could refer to an optimal solution. Therefore, a delta is chosen that when 
convergence passes this delta, the GA is terminated. The convergence of the population is measured by 
the standard deviation of the fitness of the population. If the fitness of the chromosomes in the population 
are close to the average (standard deviation is low), it implicates that the chromosomes are becoming 
more identical.  

Because we make use of mutation, the problem occurs that it the standard deviation will reach a steady 
state but not has to reach 0. To eliminate this effect, termination takes place when the standard deviation 
will not change for more than 10 iterations; termination takes place when steady state is achieved by the 
chromosomes and no better chromosomes are found. Besides, to mitigate the effect that we might not 
reach 0, the standard deviation of fitness is not calculated over the whole population, but only over the 
elite population. This population is only disrupted by chromosomes that are ‘better’ and this population 
is therefore converge. In conclusion, 𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅 = 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎𝟏𝟏 is set for which holds that the GA will be 
terminated if the standard deviation of the elite population does not change more than delta for 10 
iterations.  

The second termination criteria are based on the benchmark set. It is not possible to know the optimal 
fitness in advance. We want to reach a fitness of 1, but it is not determined or calculated that this possible 
for the problem instance at all. What we do know, is that Ordered First Fit (OFF) assignment (Baxter et al., 
2008) which gives promising results. With our search we want to look if we can improve this fitness. This 
assignment is already used for seeding, explained in section 2.2.2, but can also be added as a termination 
criterion. If the fittest individual is not higher or equal to the fitness of the OFF assignment, we don’t quit 
the search. One can now state that the solution found by the GA is better or as good as the benchmark 
set in place.  

The third termination criteria is based on the calculation time restriction imposed by the Cross-Chain 
Control Center (4C). It may cost a maximal of 10 minutes to calculate a Carrier Assignment Advice (CAA) 
so that the planners have 20 minutes to communicate and align this assignment with the shippers and 
carriers.  
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4. Analysis of the Genetic Algorithm  

In chapter 3, the majority of the techniques and parameters for the Genetic Algorithm (GA) are set. An 
overview is given in Table 4. Three choices are left to be made. One cannot derive these choices without 
simulation, simply because they are too much context dependent and form the basis of the GA proposed. 
The questions are: 

- the use of Partly Mapped Crossover (PMX) or Precedence Preserving Crossover (PPX) 
- the use of Seeding or no Seeding 
- the selection pressure by choosing 𝛼𝛼 = [1

3
𝛽𝛽 , 1

2
𝛽𝛽 , 𝛽𝛽 , 2𝛽𝛽 , 3𝛽𝛽] 

In one simulation run, the GA is confronted with one problem instance. The size of this problem instance 
is related to the number of orders, and thus the chromosome length, to be assigned. Because the nature 
of the GA, the simulation is executed for 50 times in order to mitigate the effect of randomness. The 
fitness function for testing is 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 1 ∗  𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 + 1 ∗ 𝑃𝑃𝑛𝑛 in which both the Falkenauer and Delchambre 
fillrate and the penalty function are included. The performance of the GA is measure by comparison with 
the benchmark solution created by the Ordered First Fit algorithm (OFF) (Baxter et al., 2008). As discussed 
in the 1.3.4, the term ‘optimality’ is hard to quantify. One can give the relative distance between the 
fitness of the GA and the fitness OFF, but this measure is not valuable because this will differ for every 
problem instance. The performance measure used is ‘the times the GA solution is better than the OFF 
solution’. Calculation time is often also calculated in order to spot odd results 

In the rest of this chapter the three questions above are answered by simulation after which the final GA 
is proposed. Also, the population size is reconsidered and the difference in calculation time and 
performance is simulated for the fitness function.   

4.1 Partly Mapped Crossover (PMX) versus Precedence Preserving Crossover (PPX) 

The purpose of the first test was to create a generic overview of the (possible) dependencies between the 
parameters. Due to the number of different parameter settings, for calculation time purposes only 20 
simulations were executed. Also, the GA was restricted to just 2 minutes instead of 10 minutes. In Table 
9 an overview of the different parameter settings is given. Each setting is thus simulated 20 times. The 
results are shown in Table 10. 

TABLE 9: PARAMETER SETTINGS FOR THE PMX VS. PPX TEST 

Parameter Values 
Orders 20, 50, 100, 200, 500 
Selection pressure  1:𝛼𝛼 = 𝛽𝛽,       2:𝛼𝛼 = 2𝛽𝛽,       3: 𝛼𝛼 = 1

2
𝛽𝛽,       4: 𝛼𝛼 = 3𝛽𝛽,       5:𝛼𝛼 = 1

3
𝛽𝛽 

Seeding Yes, No  
Fitness function [28] 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 1 ∗  𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑟𝑟𝑎𝑎𝑓𝑓𝑓𝑓𝑓𝑓𝑘𝑘 + 1 ∗ 𝑓𝑓𝐿𝐿𝑓𝑓𝑎𝑎𝑙𝑙 𝑖𝑖𝑓𝑓𝑓𝑓𝑎𝑎𝑙𝑙𝑓𝑓𝑐𝑐 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓  

 

 

 



Chapter 4: Analysis of the Genetic Algorithm 
 

43 
 

TABLE 10: RESULTS GENERAL TEST DIFFERENT PARAMETER SETTINGS, 20 SIMULATIONS 

 Orders = 20, trucks = 20 4 2 1 3 5 

PMX with seeding calculation time (min) 30,54 18,61 6,66 24,51 0,62 
    Times WIN 15 17 19 16 20 
  without seeding calculation time (min) 6,43 18,43 30,42 12,45 24,48 
    Times WIN 19 17 15 18 16 
PPX with seeding calculation time (min) 55,52 6,42 6,39 24,34 12,4 
    Times WIN 18 19 19 16 18 
  without seeding  calculation time (min) 18,58 12,65 6,93 1,11 6,71 
    Times WIN 17 18 19 20 19 
   Orders = 50, trucks = 30 4 2 1 3 5 

PMX with seeding calculation time (min) 3,36 3,5 3,33 3,89 4,54 
    Times WIN 20 20 20 20 20 
  without seeding calculation time (min) 2,48 2,62 2,42 2,28 2,53 
    Times WIN 20 20 20 20 20 
PPX with seeding calculation time (min) 13,08 7,4 7,2 7,5 11,6 
    Times WIN 19 20 20 20 19 
  without seeding  calculation time (min) 3,76 3,8 10,62 4,87 6,37 
    Times WIN 20 20 19 20 20 
Orders =100, trucks =75 4 2 1 3 5 

PMX with seeding calculation time (min) 16,17 12,26 14,77 14,2 13,76 
    Times WIN 20 20 20 20 20 
  without seeding calculation time (min) 12,04 11,67 11,3 12,46 12,14 
    Times WIN 20 20 20 20 20 
PPX with seeding calculation time (min) 30,41 37,89 35,93 41,51 44,05 
    Times WIN 20 20 20 20 20 
  without seeding  calculation time (min) 17,3 17,67 17,1 19,56 16,933 
    Times WIN 20 20 20 19 20 
Orders = 200, trucks =150 4 2 1 3 5 

PMX with seeding calculation time (min) 35,122 35,3 34,13 34,36 33,53 
    Times WIN 20 20 20 20 20 
  without seeding calculation time (min) 43,16 56,55 43,54 46,95 40,42 
    Times WIN 20 17 20 19 20 
PPX with seeding calculation time (min) 114,49 115,28 107,14 119,08 113,71 
    Times WIN 19 19 20 19 19 
  without seeding  calculation time (min) 84,18 85,97 77,7 80,45 67,44 
    Times WIN 12 14 17 18 19 
 Orders = 500, trucks = 300 4 2 1 3 5 

PMX with seeding calculation time (min) 86,31 100,23 90,54 91,43 97,47 
    Times WIN 18 18 17 20 18 
  without seeding calculation time (min) 120 120 120 120 120 
    Times WIN 0 0 0 0 0 
PPX with seeding calculation time (min) 120 120 120 120 120 
    Times WIN 0 0 0 0 0 
  without seeding  calculation time (min) 120 120 120 120 120 
    Times WIN 0 0 0 0 0 
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The total results, including fitness and unassigned orders is showed in Appendix B. As expected, for the 
problem size of 20 orders no significant results were found in calculation time and performance. Thereby, 
there was no clear distinction between the different settings of selection pressure. This is due to the 
randomness that is created by the small problem size and the little simulations.  

If the problem size increase to 50 and 100 orders, we could see that the GA is winning from the OFF 
algorithm within bounded time. For each parameter setting, all the times the GA came up with a better 
solution. Because the magnitude of difference between the OFFs fitness and GAs fitness is not important 
(we don’t know the bounds of the problem in advance), for the 50 and 100 order settings, we could not 
distinguish between PMX and PPX. If we increase order size to 200 and 500 orders this difference in 
performance was revealed. PMX won in total 287 times of the 400 simulations while PPX 176 times of the 
400 simulations. We could thus state that PMX is more effective in founding a better solution. Nothing 
could be stated about calculation time.   

Also, a significant impact was seen from seeding when PMX was used as crossover technique. From the 
500 simulations, the GA won 478 times with seeding and just 381 without seeding. Tough, unexpected 
was the calculation time experience when seeding. It was expected to decrease, but instead generally the 
calculation time increased when seeding was used.  

The conclusion drawn from this first simulation is that it is seen that PMX gives an 
overall better result regarding ‘optimal solution’ that is amplified by seeding.  

To substantiate this finding, another simulation was executed. For respectively 50 and 100 orders the 
difference between PMX and PPX was not clearly defined This time, the PMX and PPX were showed exactly 
the same initial problems instead of randomly generated problems. The same performance measure was 
used but now extend with ‘the average fitness’. This was now possible because both GAs where presented 
exactly the same problems. The selection pressure was set to maximum. In the previous simulation, little 
difference was found for the different selection pressures. Table 11 shows the parameter settings and 
Table 12 shows the results.  

TABLE 11:  PARAMETER SETTINGS PMX VS PPX WITH SAME INITIAL PROBLEMS 

 

 

 

TABLE 12: RESULTS FOR THE PMX VS PPX TEST WITH SAME INITIAL PROBLEM 

 

Parameter Values 
Orders 50, 100 
Selection pressure  5:𝛼𝛼 = 1

3
𝛽𝛽  

Seeding Yes, No  
Fitness function [28] 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 1 ∗  𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑟𝑟𝑎𝑎𝑓𝑓𝑓𝑓𝑓𝑓𝑘𝑘 + 1 ∗ 𝑓𝑓𝐿𝐿𝑓𝑓𝑎𝑎𝑙𝑙 𝑖𝑖𝑓𝑓𝑓𝑓𝑎𝑎𝑙𝑙𝑓𝑓𝑐𝑐 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓  

  50 orders  100 orders 
PMX With seeding Averg. Fitness: 1.4518 

Execution time: 2.36 
Averg. Fitness:1.5253 
Execution time: 10.2575 

PPX With seeding  Averg. Fitness: 1.4414 
Execution time: 2.64 

Averg. Fitness:1.50 
Execution time: 15.01 

  50 orders 100 orders  
PMX Without seeding Averg. Fitness: 1.4455 

Execution time: 1.86 
Averg. Fitness: 1.5210 
Execution time: 9.1734 

PPX Without seeding Averg. Fitness:1.4415 
Execution time: 1.73 

Averg. Fitness: 1.5155 
Execution time: 8.19 
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Again, the same conclusion was drawn from the results. For all the simulations, the GA wins from the OFF 
algorithm. Also, in all the settings the PMX gave a better average fitness. We can conclude that the 
performance of both methods are close to each other. Tough with the increase of problem size, the PMX 
is strongly preferred.  

We conclude that PMX is chosen as the crossover technique and further tests will be 
executed with PMX.  

4.2 Seeding and selection pressure  

Sivanadam et al. (2007) states that seeding is used to ramp up the search of the GA but decreases the 
ability of the GA to go through the entire search space. The selection pressure determines to what extend 
this ‘good’ solutions is then selected for mating. With high selection pressure, the ‘good’ solution is more 
often selected as a parent and the GA start converging towards this solution. A relatively small initial 
population will be more affected by these settings. Note that it might happen that this ‘good’ solution 
naturally appears in the initial population or that even better solutions appear. In those cases, the effect 
of seeding is eliminated. Table 13 shows the parameter settings for test. 50 simulations for every 
parameter setting are tested and the results are shown in Table 14. The green highlighted numbers point 
out the ‘winners’ of that set.  

It was found that again for smaller problem size with 20 orders, the simulation was not significant. Still, 
the GA found a better solution 41 out of 50 simulations. It is not stated that the GA is not working for 
smaller problem instances, but for smaller instances, the randomness is significant.  

For the rest of the problem sizes it was found that the GA had won all the times. The most significant 
difference was shown by seeding. If seeding was applied, the average fitness over the 50 simulations was 
found higher all the time. Against expectations, the calculation time was always slightly higher when 
seeding was applied. Tough, it has been found more important to find the optimum instead of a faster 
calculation. The calculation time is already bounded by a termination time of 10 minutes. Within these 10 
minutes one wants to find the ‘best’ solution.  

It is concluded that seeding results in a slightly worse calculation time, but this effect 
is mitigated by the more optimal solution found. Thus, seeding is applied in the 
algorithm 

Furthermore, the differences noticed for selection pressure were limited. It was found that overall, the 
parameter settings with a pressure below average where found superior. For both the amount of 50 and 
100 orders, it was found that 𝛼𝛼 = 3𝛽𝛽 was superior. Besides, in theory if one is only interested in 
‘optimality’ and not in calculation time, it is wiser to choose a convergence rate that is lower than one 
that is too high. As already mentioned, the calculation time in this context is slightly less important than 
optimality so if one has the choice, the lower selection pressure is chosen.  

The difference between the selection pressures is limited but always between low-
average. The selection pressure is set at 𝜶𝜶 = 𝟑𝟑𝟑𝟑  
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TABLE 13: PARAMETER SETTINGS FOR SEEDING AND SELECTION PRESSURE TEST 

 

 

 

 

TABLE 14: RESULT S FOR TESTING SEEDING AGAINST SELECTION PRESSURE 

 

  

Parameters Value 
Orders 20, 50, 100, 200 
Seeding Yes, No 
Selection 
pressure 

1:𝛼𝛼 = 𝛽𝛽,       2:𝛼𝛼 = 2𝛽𝛽,       3: 𝛼𝛼 = 1
2
𝛽𝛽,       4: 𝛼𝛼 = 3𝛽𝛽,       5:𝛼𝛼 = 1

3
𝛽𝛽 

PMX     20 orders  4 2 1 3 5 

  with seeding Fitness 1,6192 1,6191 1,62 1,6201 1,699 

    calculation time (minutes) 21,9748 21,9769 21,9769 21,9908 21,98 

    Times WIN 41 41 41 41 41 

  without seeding Fitness 1,62 1,6201 1,6189 1,6201 1,6191 

    calculation time (minutes) 21,9327 21,9558 21,9328 21,9509 21,9494 

    Times WIN 41 41 41 41 41 

PMX     50 orders 4 2 1 3 5 

  with seeding Fitness 1,4376 1,4375 1,4372 1,4373 1,4375 

    calculation time (minutes) 3,2722 3,1923 3,1162 3,173 3,3301 

    Times WIN 50 50 50 50 50 

  without seeding Fitness 1,436 1,4368 1,4366 1,4364 1,4355 

    calculation time (minutes) 2,5601 2,53 2,5747 2,5217 2,4757 

    Times WIN 50 50 50 50 50 

PMX     100 orders 4 2 1 3 5 

  with seeding Fitness 1,5351 1,5327 1,532 1,5326 1,5315 

    calculation time (minutes) 13,8318 15,2835 13,5633 14,8735 14,3138 

    Times WIN 50 50 50 50 50 

  without seeding Fitness 1,5282 1,5271 1,5284 1,5283 1,5275 

    calculation time (minutes) 12,5518 12,2287 13,1216 13,196 12,813 

    Times WIN 50 50 50 50 50 

PMX     200 orders 4 2 1 3 5 

  with seeding Fitness 1,5026 1,5031 1,5031 1,5025 1,5029 

    calculation time (minutes) 21,4869 21,9234 22,8088 21,5301 21,357 

    Times WIN 50 50 50 50 50 

  without seeding Fitness 1,4939 1,4938 1,4924 1,4922 1,4931 

    calculation time (minutes) 40,3158 43,2718 45,1094 28,813 30,9822 

    Times WIN 50 50 50 50 50 
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4.3 Re-evaluation of Population size  

To get back to the population size, it was found that the formula was not significantly accurate. The initial 
population size is derived from a graph and by reasoning. It was stated that with a cardinality 𝑞𝑞 = 8 robust 
answer where found after one could start finding the other parameters. Now every parameter is set, it is 
good to re-evaluate the population size again. The performance of the GA is simulated for different 
cardinality 𝑞𝑞 and the effect on the calculation time and performance is evaluated. It is chosen to use an 
order size of 50 for this test because the smaller problems are experience higher impact of the population 
size. The formula to calculate the population size is a 𝑙𝑙𝐿𝐿𝐿𝐿 function. Therefore, as one can also conclude 
from Figure 10, the difference for 100 or 200 orders is minimal while the difference for the smaller orders 
is greater.  

The results are shown in Figure 18 in which the cardinality is draw against calculation time and fitness. 
Both are increasing with cardinality which was expected. It is seen that the calculation time is more than 
doubled for the range of increase of cardinality. On the other hand, the fitness increases just slightly more 

than 0.01. It is thus the question whether the increase in calculation time is worth the increase in 
optimality. Because in the case of JDR we both need to keep calculation time and optimality in min, 𝑞𝑞 = 8 
is still found fine.  

4.4 Evaluation of the fitness function  

In Table 15 the distribution of orders over their 1st, 2nd, 3rd listed option and the unassigned orders is 
showed. The solution illustrates as [1st ,2nd ,3rd, unassigned], is the number of loading meters assigned to 
each listed option. 4 different problems are generated, and the solution is checked for every fitness 
function.  

As expected, one can see a clear impact of the ranking function to distribution of orders. When the ranking 
function is applied, it might be possible that the number of unassigned orders increases but it is always 
better than the OFF solution. Also, when only the fillrate function of Falkenauer and Delchambre is used, 
we always found the least amount of unassigned orders. The fitness functions in place are thus able to 
calculate different assignments with all specific goals.   

  

FIGURE 18: CARDINALITY VERSUS FITNESS AND CALCULATION TIME 
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TABLE 15: DISTRIBUTION OF ORDERS OVER 1ST, 2ND, 3RD AND UNASSIGNED 

 

4.5 Calculation time versus problem size 

As discussed in the problem analysis, one of the concerns is the calculation time of the proposed GA. In 
Figure 19 The calculation time of the GA is drawn against the problem size. The problem size is mainly 
dependent on the number of orders to assign because this is directly related to the chromosome length 
applied in the encoding process. Larger chromosomes implicate more genetic operations. Besides, the 
number of carriers in the problem have a small impact. In Figure 19, at each data point one can see 
[number of shipments; number of carriers].  

The trend line gives an indication of the increase of calculation time with the increase of problem size. 
Some randomness occurred but it is highly plausible that linear growth occurred due to the chromosome 
length and the corresponding extra GA operators. The GA is bounded by a calculation time of 10 minutes. 
If one follows the trendline, one can conclude the following. 

The GA is able to find a better or equal assignment of shipments compared with the 
OFF algorithm within 10 minutes for a maximum order size of around 3.000 
shipments. The number of carriers is mainly dependent on the number of shipments, 
so we conclude that the maximum order size is ‘around’ 3.000 shipments with their 
corresponding carriers.  

 
Orders 50 100 200 500  
Trucks 30 75 150 300 

OFF Solution  [111, 20, 15, 223] [208, 160, 73, 246] [487, 268, 182, 510] [487, 268, 182, 510] 
 Calc. time 0 0 0 0 

Ranking+Fillrate Calc. time 1,6378 14,31 44,1695 46,0433  
Solution [123, 21, 2, 223] [234, 142, 69, 242] [528, 247, 213, 459] [553, 233, 195, 466] 

Ranking Calc. time 2,1069 12,46 49,599 39,9938  
Solution [123, 21, 2, 223] [254, 143, 46, 244] [613, 202, 160, 472] [533, 276, 173, 465] 

Fillrate Calc. time 1,0914 10,9396 72,3339 40,4079  
Solution [111, 20, 15, 223] [182, 178, 85, 242] [484, 278, 227, 458] [472, 229, 286, 460] 

FIGURE 19: CALCULATION TIME VERSUS PROBLEM SIZE 
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5. Conclusion  

After comparing, evaluating and iteration in the design science circle (Wieringa, 2014), it is time to answer 
the research question and reflect on these conclusions drawn with limitations, recommendations and 
future research.  

5.1 Conclusion 

As the initial target of the research was to fortify the Cross-Chain Control Center (4C), the focus is on the 
optimization of the so-called Carrier Assignment Advice (CAA).  The goal of such a 4C is to bring shippers 
and carriers together to obtain better insights in available transport capacity with the goal of minimizing 
empty miles and maximizing the capacity usage of each truck. This is established by sharing information 
about available assets and shipments across different chains. The CAA is an advice generated by the 4C to 
support the planners in assigning shipments to carriers to obtain the most efficient transport planning.  

In the first chapter of this report it became clear that this assignment process is complicated by three 
factors; time pressure, problem size and optimality. The calculation time for obtaining a CAA is bounded 
above by 10 minutes because information is updated every 30 minutes and the planners also need to 
communicate their plans with carriers and shippers within this time window. The initial problem found 
for assigning shipments to carriers is approached as a Variable Sized Bin Packing Problem (VSBPP). This 
problem originates from the group of Combinatorial Optimization Problems (COPs) and was found to be 
NP-hard. NP-hard problems are characterized by the fact that they are not solvable in polynomial-time 
and therefore heuristics are developed to find near optimal solutions. When the problem size increases, 
it is thus not possible for the planners to take all the variables and optimization factors into account. Also, 
a fundamental concept in this research is optimality. The optimality of an established assignment of 
shipment to carriers is a broad interpretable subject which is derived from the view of different 
stakeholders with sometimes contradictory interests. A good assignment cannot be evaluated by a single 
goal or measure and so will optimality. Augmented by the fact that it is not possible to calculate the most 
optimal assignment for NP-hard problems, it is stated that ‘optimality’ is defined by the fitness function 
in place, and the proposed solution is only to be compared with a benchmark solution to define relative 
optimality.  

The generation process of the CAA consists of two sequential steps. In the first step named calculate 
transport options, for every shipment individually it is calculated which transport entities are feasible to 
transport the particular shipments. This calculation is based on the comparison of the characteristics of 
both the shipment and the carrier. First the feasible transport options are calculated after which those 
are listed via priority rules. In the second step named combination run, the shipments are clustered and 
together form a VSBPP. A feasible assignment is then formed for this particular VSBPP which forms the 
basis of the CAA. Currently, the VSBPP is solved using lazy assignment which has the most common ground 
with the Ordered First Fit algorithm (OFF algorithm)(Baxter et al., 2008). The shipments are listed for 
decreasing shipment size and then assigned over the carriers. This assignment is directed by the order of 
the transport options.   
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In literature, many algorithms and (meta-)heuristics are proposed to solve COPs. It came forward that 
(meta-)heuristics were found most appropriate for solving the VSBPP. Metaheuristics are high level 
concepts for exploring search spaces by using different strategies in which a dynamic balance is given 
between exploitation of the accumulated search experience (which is commonly called intensification) 
and the exploration of the search space (which is commonly called diversification). Genetic Algorithms 
(GAs), a form of a (meta-)heuristic, are suggested as the problem-solving method for the problem context 
of Jan de Rijk Logistics (JDR). GAs are a suitable choice for problems that are characterized by complex 
objective functions, including multi-objective problems, problems with no-closed form objective function, 
and ones with large numbers of variables and mixed solutions spaces.  

The proposed configuration of the Hybrid Genetic Algorithm (hybrid GA), shown in Table 16, will find a 
solution to the Variable Size Bin Packing Problem (VSBPP) that is at least as good as the solution found 
with the Ordered First Fit algorithm (OFF algorithm) (Baxter et al., 2002) currently used in the Cross-Chain 
Control Center (4C) of Jan de Rijk Logistics (JDR). A permutation of shipments is searched for by the GA, 
that when presented to the OFF algorithm generates a ‘near’ optimal assignments of shipments to 
carriers. Optimality is defined by the fitness function in place and relative optimality is defined by 
comparison with the benchmark solution.  

The GA has the potential to find better solutions within bounded time than the current algorithm in place. 
This potential is illustrated in Figure 20. This Figure is derived from Figure 2 that was initially set as the 
problem definition. The GA will be terminated when the population is converged and at the same time 
the GAs fitness is at least as good as the OFF’s fitness. If these two phenomena not happen at the same 
time, the calculation time is bounded above by 10 minutes. The calculation time of the OFF assignment is 
found to be close to 0 seconds. The calculation time for the GA is illustrated in Figure 21 and is always 
higher. If the trendline is followed, it is approximated that for a maximum problem of 3.000 shipments 
with their corresponding carriers, the GA is able to solve the VSBPP within a timeframe of 10 minutes for 
the optimization function in place. 

The fitness function is based on the fill rate of the carriers and the assignment of shipments to their most 
preferred options. It is asked for by Jan de Rijk that multiple assignments could be calculated with respect 
to different goals. The fitness function is given in formula 28. 

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝑟𝑟𝑓𝑓 ∗  𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑟𝑟𝑟𝑟 ∗ 𝑃𝑃𝑛𝑛         [28] 

As can be seen from formula [28], the fitness function includes the possibility to emphasize on either the 
fill rate of the trucks or the assignment of shipments to their most preferred transport options (basically 
implied as costs or customer satisfaction). If both functions are taken into account, a pareto solutions is 
found by the GA.  
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FIGURE 20: OPTIMALITY OF THE SOLUTION FOUND BY THE GA 

 

FIGURE 21: CALCULATION TIME VERSUS PROBLEM SIZE  
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TABLE 16: PROPOSED FINAL GA FOR SOLVING THE VSBPP WITHIN BOUNDED TIME 

 

 

  

Pseudo code 
(steps) 

Technique used Formula Parameters Values 

Encoding Permutation  N/A N/A N/A 
Initial 
population 

Size of the initial 
population  

𝑆𝑆 = 10𝑞𝑞 + 1.666𝑞𝑞 ∗ log (𝑙𝑙)       [23] 𝑆𝑆  number of chromosomes in the 
initial population 
𝑞𝑞   cardinality of the alleles 
𝑙𝑙   length of the chromosome 

𝑞𝑞 = 8  

Fitness 
function 

Falkenauer and 
Delchambre 𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 =

∑ �
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
𝐶𝐶𝑓𝑓

�
𝑘𝑘

𝑓𝑓=1…𝑁𝑁

𝑁𝑁
                       [26] 

𝑁𝑁 number of bins used 
𝐶𝐶𝑖𝑖 available capacity of carrier 𝑓𝑓 
𝑘𝑘 ≥ 1 constant for the fillrate  

𝑘𝑘 = 1.19  

N/A 𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑖𝑖 = (13 −
𝑎𝑎𝑎𝑎𝑎𝑎𝑓𝑓𝑙𝑙𝑎𝑎𝑎𝑎𝑙𝑙𝑓𝑓 𝐿𝐿𝐿𝐿𝑎𝑎𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿 𝑚𝑚𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑓𝑓𝑖𝑖) +
𝑎𝑎𝑓𝑓𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓𝑓𝑓𝑎𝑎 𝑓𝑓ℎ𝑓𝑓𝑖𝑖𝑚𝑚𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑖𝑖                [25] 

𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑖𝑖 is the sum of the shipments 
assigned to a carrier 

N/A 

Ranking  𝑃𝑃 = (𝐿𝐿𝑀𝑀1 ∗ 𝑖𝑖1) + (𝐿𝐿𝑀𝑀2 ∗ 𝑖𝑖2) +
(𝐿𝐿𝑀𝑀3 ∗ 𝑖𝑖3) + (𝐿𝐿𝑀𝑀𝐿𝐿 ∗ 𝑖𝑖𝐿𝐿)          [27] 

𝑃𝑃 total penalty 
𝐿𝐿𝑀𝑀1…𝑢𝑢 total loading meters 
assigned to option 1 …𝐿𝐿 with 𝐿𝐿 
unassigned 
𝑖𝑖1…𝑢𝑢 is the penalty for each option 

𝑖𝑖1 = 0  
𝑖𝑖2 = 1  
𝑖𝑖3 = 2  
𝑖𝑖𝑢𝑢 = 18  
 

Combination of fitness 
functions 

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝑟𝑟𝑓𝑓 ∗  𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑟𝑟𝑟𝑟 ∗ 𝑃𝑃𝑛𝑛    [28] 𝑟𝑟𝑓𝑓 rate to what extend the 𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 is 
considered 
𝑟𝑟𝑟𝑟 rate to what extend the 𝑃𝑃𝑛𝑛 
(normalized penalty) is considered 

N/A 

Selection Ranking selection ∑ (∝ +𝛽𝛽𝑘𝑘) = 1 →𝑛𝑛
𝑘𝑘=1                  [21] 

 
𝑓𝑓 �𝛼𝛼 + 𝛽𝛽 ∗ 𝑛𝑛+1

2
� = 1                    [21] 

𝑓𝑓 number of chromosomes selected 
for crossover 
𝛼𝛼 constant evaluated for   
𝛽𝛽 constant evaluated for  

𝛼𝛼 = 3𝛽𝛽  

Elitism N/A 𝐸𝐸 % of the population that is elite 𝐸𝐸 = 0.4  

Mating population N/A 𝑀𝑀 % of the population of which 
mating partners are selected 

𝑀𝑀 = 0.5  

Crossover Partly Mapped         
Crossover 

N/A N/A N/A 

Mutation Swap mutation N/A N/A N/A 

N/A 𝑓𝑓𝑟𝑟.𝑚𝑚𝐿𝐿𝑓𝑓𝑎𝑎𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓𝑓𝑓 = 0.05 ∗ 𝑙𝑙          [31] 𝑙𝑙 chromosome length  N/A 

Annealing rate 𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃 = max (15 + 0.25 ∗ 𝑁𝑁; 40) 
[32] 

𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃 annealing rate for PMX 
𝑁𝑁 population size  

N/A 

𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃 = max (10 + 0,14 ∗ 𝑁𝑁; 25) 
[33] 

𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃  annealing rate for PPX 
𝑁𝑁 population size 

N/A 

Termination 
  

St. deviation of fitness N/A 𝑎𝑎𝑓𝑓𝑓𝑓𝑙𝑙𝑎𝑎 threshold of change in st. 
deviation 

𝑎𝑎𝑓𝑓𝑙𝑙𝑓𝑓𝑎𝑎 = 0.0001  

Benchmark Ordered First Fit  N/A N/A 

Time N/A N/A 10 minutes 
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5.2 Limitations  

5.3 Recommendations 

5.4 Future research  

As discussed in the conclusion, the proposed GA is able to find an assignment for the VSBPP in bounded 
time that is at least as optimal as the benchmark assignment regarding the fitness function in place. From 
the limitations and recommendations, and the comparison with the requirement of the stakeholders, the 
(meta-)heuristic approach could be extended with some future research.  

The two fitness functions proposed focus on the fill rate of trucks and the overall satisfaction of shippers. 
This satisfaction is, among other things, based on the cost of transport implied with an assignment. It is 
tried to generate fitness functions that are neutral and inherit requirements of all the stakeholders, 
nevertheless this is nearly impossible. Often a consideration between two contradictory goals is made to 
cater all the stakeholders. Therefore, many forms of fitness functions exist and otherwise could be 
developed regarding a specific purpose of assignment. In future research, is would be wise to generate 
more fitness functions with respect to the specific goals of the stakeholders, and to test the influence of 
these fitness functions on the overall assignment.  

Another feature that is not directly considered in the research, is the requirement of carriers to generate 
so called round trips in which they will be guaranteed to be loaded in both ways. Future research could 
be done to inherit the use of round trips into the proposed solution. The use of round trips is not 
completely left out of scope, instead this is inherited as two transport entities that are evaluated 
separately.  

Furthermore, the hard rules established to calculate transport options for each shipments have a 
significant impact on the assignment of shipments to carriers. These rules determine the initial grouping 
of shipments and exclude some possible assignments by principal. As a fact, this could potentially limit 
the possibility for improvement of an assignment. In future research these hard rules could be 
reconsidered, still keeping in mind that some assignment are inherently infeasible by nature.  

The last improvement that could be considered is the use of the Ordered Best Fit algorithm (Baxter et al., 
2002). Regarding the use of calculated ‘transport options’, the use of the Ordered First Fit algorithm 
(Baxter et al., 2002)  was obvious. The shipments are offered to the best listed transport options first to 
inherit the preference of the shippers. The Ordered Best Fit algorithm on the other hand, would offer the 
shipments to the carrier were this shipment would best fit and leave the least capacity unused. This 
significant difference would possibly result in better fill rates but worse overall satisfaction of the shippers. 
This option is worth investigating when the topic about optimality is clearly defined.  
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Appendix A 

TABLE 17: F&D FILLRATE FOR K=2,0  WITH [A,B] MEANS TRUCK 1 IS LOADED WITH A LM AND TRUCK 2 IS LOADED WITH B LM 

Total LM
 

Assignm
ent 

F&
D fillrate 

Assignm
ent 

F&
D fillrate 

Assignm
ent 

F&
D fillrate 

Assignm
ent 

F&
D fillrate 

Assignm
ent 

F&
D fillrate 

Assignm
ent 

F&
D fillrate 

11 [5,6] 0,3596 [4,7] 0,3623 [3,8] 0,3679 [2,9] 0,3767 [1,10] 0,3767 - - 
12 [6,6] 0,3985 [5,7] 0,3997 [4,8] 0,4036 [3,9] 0,4101 [2,10] 0,4198 [1,11] 0,4335 
13 [6,7] 0,4386 [5,8] 0,4410 [4,9] 0,4458 [3,10] 0,4532 [2,11] 0,4638 [1,12] 0,4782 
14 [6,8] 0,4798 [5,9] 0,4832 [4,10] 0,4889 [3,11] 0,4972 [2,12] 0,5085 [1,13] 0,5236 

 

 

TABLE 18: F&D FILLRATE FOR K=1,19 WITH [A,B] MEANS TRUCK 1 IS LOADED WITH A LM AND TRUCK 2 IS LOADED WITH B LM 

Total LM
 

Assignm
ent 

F&
D fillrate 

Assignm
ent 

F&
D fillrate 

Assignm
ent 

F&
D fillrate 

Assignm
ent 

F&
D fillrate 

Assignm
ent 

F&
D fillrate 

Assignm
ent 

F&
D fillrate 

11 [5,6] 0,1805 [4,7] 0,1923 [3,8] 0,2160 [2,9] 0,2515 [1,10] 0,2988 - - 
12 [6,6] 0,2130 [5,7] 0,2189 [4,8] 0,2367 [3,9] 0,2663 [2,10] 0,3077 [1,11] 0,3609 
13 [6,7] 0,2515 [5,8] 0,2633 [4,9] 0,2870 [3,10] 0,3225 [2,11] 0,3698 [1,12] 0,4290 
14 [6,8] 0,2959 [5,9] 0,3136 [4,10] 0,3432 [3,11] 0,3846 [2,12] 0,4379 [1,13] 0,5030 
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Appendix B 

- Simulation: 20 times per setting 
- Benchmark solution: Ordered First Fit algorithm  
- Measure: times the algorithm did win from the benchmark solution 

o Fitness, calculation time and unassigned orders are just for verification and to see if 
nothing unexpected is shown 

- Termination time: 2 minutes (for simplicity) 

Goal: Get a first impression of the impact of the variables after which we can test more specifically.   

Results:    

      Orders = 20, trucks = 20     
      4 2 1 3 5 
PMX with seeding Fitness 1,56 1,56 1,64 1,52 1,58 
    calculation time (min) 30,54 18,61 6,66 24,51 0,62 
    Times WIN 15 17 19 16 20 
    Unassigned LM 40,15 38,3 30,7 44,15 35,95 
  without seeding Fitness 1,55 1,59 1,6 1,56 1,59 
    calculation time (min) 6,43 18,43 30,42 12,45 24,48 
    Times WIN 19 17 15 18 16 
    Unassigned LM 41,05 33,2 31,15 38,45 34,85 
PPX with seeding Fitness 1,64 1,62 1,62 1,56 1,54 
    calculation time (min) 55,52 6,42 6,39 24,34 12,4 
    Times WIN 18 19 19 16 18 
    Unassigned LM 30 30,7 29,3 37,25 41,15 
  without seeding  Fitness 1,57 1,55 1,6 1,57 1,61 
    calculation time (min) 18,58 12,65 6,93 1,11 6,71 
    Times WIN 17 18 19 20 19 
    Unassigned LM 36,15 39,95 33,1 14.15 31,8 
      Orders = 50, trucks = 30     
      4 2 1 3 5 
PMX with seeding Fitness 1,45 1,42 1,44 1,48 1,49 
    calculation time (min) 3,36 3,5 3,33 3,89 4,54 
    Times WIN 20 20 20 20 20 
    Unassigned LM 165,85 172,4 174,2 150,7 146,25 
  without seeding Fitness 1,46 1,45 1,45 1,45 1,43 
    calculation time (min) 2,48 2,62 2,42 2,28 2,53 
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    Times WIN 20 20 20 20 20 
    Unassigned LM 161,8 168,05 162,9 162,45 183,9 
PPX with seeding Fitness 1,45 1,46 1,4 1,45 1,41 
    calculation time (min) 13,08 7,4 7,2 7,5 11,6 
    Times WIN 19 20 20 20 19 
    Unassigned LM 162,55 158,9 185,2 163,9 178,1 
  without seeding  Fitness 1,44 1,43 1,44 1,43 1,42 
    calculation time (min) 3,76 3,8 10,62 4,87 6,37 
    Times WIN 20 20 19 20 20 
    Unassigned LM 165,7 166,85 165,8 171,25 178,65 
      Orders =100, trucks =75     
      4 2 1 3 5 
PMX with seeding Fitness 1,53 1,5 1,51 1,54 1,49 
    calculation time (min) 16,17 12,26 14,77 14,2 13,76 
    Times WIN 20 20 20 20 20 
    Unassigned LM 244,2 274,45 266,55 244,05 276,3 
  without seeding Fitness 1,52 1,49 1,49 1,5 1,5 
    calculation time (min) 12,04 11,67 11,3 12,46 12,14 
    Times WIN 20 20 20 20 20 
    Unassigned LM 259,4 275,8 278,3 266,85 277,6 
PPX with seeding Fitness 1,48 1,52 1,5 1,52 1,52 
    calculation time (min) 30,41 37,89 35,93 41,51 44,05 
    Times WIN 20 20 20 20 20 
    Unassigned LM 282,35 249,95 272,05 257,2 261,55 
  without seeding  Fitness 1,5 1,5 1,51 1,5 1,49 
    calculation time (min) 17,3 17,67 17,1 19,56 16,933 
    Times WIN 20 20 20 19 20 
    Unassigned LM 263,3 267,5 265,35 266,75 276,75 
      Orders = 200, trucks =150     
      4 2 1 3 5 
PMX with seeding Fitness 1,52 1,5 1,5 1,5 1,5 
    calculation time (min) 35,122 35,3 34,13 34,36 33,53 
    Times WIN 20 20 20 20 20 
    Unassigned LM 502,7 536,25 531,9 542,2 523,8 
  without seeding Fitness 1,48 1,49 1,5 1,49 1,48 
    calculation time (min) 43,16 56,55 43,54 46,95 40,42 
    Times WIN 20 17 20 19 20 
    Unassigned LM 555,95 547,4 538,02 541,4 560,8 
PPX with seeding Fitness 1,51 1,5 1,5 1,49 1,49 
    calculation time (min) 114,49 115,28 107,14 119,08 113,71 
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    Times WIN 19 19 20 19 19 
    Unassigned LM 517,6 526,1 543,75 534,95 536,9 
  without seeding  Fitness 1,49 1,49 1,48 1,48 1,51 
    calculation time (min) 84,18 85,97 77,7 80,45 67,44 
    Times WIN 12 14 17 18 19 
    Unassigned LM 541,95 542,25 559,35 567,5 512,55 
      Orders = 500, trucks = 300     
      4 2 1 3 5 
PMX with seeding Fitness 1,42 1,42 1,41 1,43 1,43 
    calculation time (min) 86,31 100,23 90,54 91,43 97,47 
    Times WIN 18 18 17 20 18 

    Unassigned LM 1684,15 1682 
1717,1

7 1659,1 1661,4 
  without seeding Fitness 1,4 1,39 1,39 1,39 1,39 

    
calculation time 
(minutes) 120 120 120 120 120 

    Times WIN 0 0 0 0 0 

    Unassigned LM 1718,9 1753,3 
1751,9

5 1730,25 1742,7 
PPX with seeding Fitness 1,42 1,42 1,42 1,42 1,41 

    
calculation time 
(minutes) 120 120 120 120 120 

    Times WIN 0 0 0 0 0 

    Unassigned LM 1682,95 
1674,3

5 
1677,5

5 1679,4 1730,7 
  without seeding  Fitness 1,38 1,39 1,38 1,38 1,38 

    
calculation time 
(minutes) 120 120 120 120 120 

    Times WIN 0 0 0 0 0 
    Unassigned LM 1766,4 1731,7 1784,8 1766,25 1797,15 
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