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Summary 

Congestion is a well-known problem in the port industry but also in other industries. Because of the 

increasing international trade, this problem will continue to grow in the future. Congestion may lead 

to long waiting times at certain moments, which affects the whole supply chain of a product. This case 

study examines an imbalance between the supply of handling capacity and transport demand of trucks 

at a breakbulk terminal in the Port of Rotterdam. Due to the company policy and confidentiality 

requirements, the company is ƘŜƴŎŜŦƻǊǘƘ ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ Ψ.5tΩ ǊŀǘƘŜǊ ǘƘŀƴ ǘƘŜ ŀŎǘǳŀƭ ŎƻƳǇŀƴȅ ƴŀƳŜΦ 

This master thesis aims to formulate a recommendation on how a terminal operator can cope with the 

changing workload, thereby solving the problem of the inefficient allocation system and the loss of 

employeesΩ ǇǊƻŘǳŎǘƛǾƛǘȅ. More specifically, this study aims to offer a solution on how to align the 

supply of labor with the demand of incoming trucks. The main purpose of this solution is to let 

operational employees work as efficiently as possible during their shift and decrease the waiting time 

of trucks. A combination of qualitative and quantitative research is used to identify the problem and 

explain the outcomes, including a literature review, interviews, and observation. Moreover, extensive 

data analysis of congestion has been performed.  

In this research, two factors seem to influence congestion at a terminal: the arrival pattern of trucks 

and the deployment of employees. The arrivals are not evenly distributed, signified by two well-known 

peaks arising at 7:00 and between 9:30 and 12:00. However, the arrival of trucks is not fully 

controllable by a terminal operator. The leading cause of the occurrence of peaks in the arrival pattern 

is truck drivers' daily pattern. Therefore, this master thesis will focus on the supply side, which is 

entirely controllable by BDP. Labor is relatively fixed during a shift since employees are focused on 

their own station and cooperation with other stations do not occur. The fixed allocation of employees 

at a station is not optimal. Thorough analyses revealed that the bottleneck occurs not at the gate 

queue, but at the queue where trucks wait before being loaded. Long waiting times occurred between 

10:00 and 13:00 and after 15:00. Different products experience different peaks, indicating the need 

for an adjustment in the distribution of employees.  

A real-time forecasting model is developed to forecast the waiting time of a new incoming truck. The 

expected waiting time serves as an indicator of congestion of a product type. Consequently, the 

problem is known in advance, and appropriate measures can be taken on a timely basis. The expected 

waiting times are displayed by using a specially designed dashboard for the shift leaders. The shift 

leaders will oversee the dashboard and intervene when a truck turns red on the dashboard. This red 

color indicates an expected waiting time of more than 40 minutes. The shift leader will be made aware 

of allocation by using notifications. The ultimate goal is to fully automate this process in the future. 
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Furthermore, it is essential to note the results of allocating employees during busy times. The main 

goal is to distribute the work more optimally among employees and times during the day. This goal 

can be achieved by using a dynamic way of allocating. First, it reduces congestion and waiting time at 

the terminal by 15%. Second, a reduction in costs occurs because of reduced overtime and claims to 

be paid by BDP to compensate for trucks waiting and loading for more than 120 minutes. The more 

frequent reallocation of employees may also lead to more cooperation between the teams and a more 

proactive attitude.  
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Chapter 1 Introduction 

1.1 Problem definition 

Congestion not only occurs on public roads but is also an enormous issue in port terminals. Total 

volumes of world maritime trade reached 11 billion tons in 2018, being a big milestone and a new 

record (United Nations, 2019). The United Nations Conference on Trade and Development 

(henceforth; UNCTAD) (2019) suggests that the average growth rate of trade will continue to increase 

with 3.4 percent on a yearly basis for the period 2019-2024. This expected growth directly impacts port 

development and regional transportation networks, since efficiency is becoming more critical (Guan, 

2009). The increase in port operations has impacted urban infrastructure and mobility, leading to 

traffic congestion at certain moments, resulting in long waiting times. Furthermore, it simultaneously 

influences the costs, environment, and congestion of the network. 

It is important for a terminal to know the exact moment of arrival of trucks as it is the start of the 

logistic supply chain and therefore its business. A fundamental contributor to inefficiency of the 

employees is congestion; a bottleneck arises in the supply chain causing further delays in the whole 

chain. Although arrivals are an important variable, they are not fully controllable by a terminal operator 

such as BDP. The main cause of the occurrence of peaks in the arrival pattern is truck drivers' daily 

pattern. Truckers have a fixed pattern that they follow every day, either in the order described as 

follows or the other way around. They start around 6:00 or 7:00 and drive to a terminal to load cargo. 

Subsequently, they go somewhere else to unload the products, after which they park their truck on a 

parking lot to sleep. For this reason, trucks often arrive at a terminal simultaneously. The ability to 

influence this is limited. Moreover, different interests of supply chain parties could also have an impact 

on the arrival of trucks. A terminal operator is responsible for coping with the varying distribution of 

trucks throughout the day and designing their processes and layout to deal with changing workload.  

The demand for labor at the BDP terminal varies during the day as a result of the changing demand of 

incoming trucks. Furthermore, an optimal workflow is essential, given the process of handling requires 

multiple employees. This indicates that many interactions occur, which may lead to a bottleneck and 

subsequently an inefficient way of handling. Consequently, frustration among employees and an 

increase in operating costs may occur. 

Dynamic ways of handling trucks and using a good allocation system in a terminal are widely discussed 

in the last couple of years (Huang et al., 2014). Current technological and managerial developments in 

the world revolve around process optimization, simulation, and using available data in the most 

optimal ways (Gekara & Thanh Nguyen, 2018). Most research is focused on container terminals since 

new technologies and innovations are more common for these terminals than for the breakbulk 
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terminals that have hardly changed since the 1960s (Martin & Thomas, 2001). A knowledge gap exists 

regarding breakbulk terminals, which should therefore be scrutinized in future research. Existing 

scientific literature also discusses certain practical cases that give a better insight on how process 

optimization methods are implemented in practice. Nevertheless, some questions remain 

unanswered; for example, what is the effect on efficiencies of a dynamic system? Furthermore, what 

is the best way to optimize human resources at the landside of the terminal? 

Research by De Jong (2019) at BDP already investigated the truck turnaround time and concluded that 

distributing trucks throughout the day (truck arrival management) will enhance terminal performance. 

However, although performance improves, the solution is not optimal. TrucksΩ ǿŀƛǘƛƴƎ ǘƛƳŜ ǊŜƳŀƛƴǎ 

very long, resulting in congestion at the terminal. According to De Jong (2019), the solution entails 

expanding the terminal capacity and productivity through extended gate hours or rearranging the 

breaks of the employees. He argues that future research should focus more on the establishment of 

an optimal working schedule for employees. This research will further elaborate on and contribute to 

his work. 

As previously discussed, managing trucksΩ ŀǊǊƛǾŀƭǎ is difficult, ƎƛǾŜƴ ǘƘŜ ǳƴŎƻƴǘǊƻƭƭŀōƛƭƛǘȅ ƻŦ ǘǊǳŎƪŜǊǎΩ 

daily routines. Because of this, the solution to deal with the varying workload is to move to a flexible 

capacity. At call centers, part-timers are hired to anticipate the varying workload. Another solution is 

hiring staff on busy days at employment agencies. Although BDP is already doing this, it does not fully 

solve the problem. Increasing the overall capacity is quite costly, therefore improving its efficiency is a 

more sophisticated solution to the congestion issues. This research studies how the workload can be 

better adapted to the varying arriving trucks by using allocation. 

Data from BDP is used to connect theory to practice. The first step of this research approach is 

observation. Observing, identifying, and quantifying the problem is the most important aspect of doing 

research at a company. After understanding the terminal processes, the actual problem is visualized 

by analyzing the data. The analysis focuses on what the exact problem is and what the effect is of 

various measures. The analysis results are discussed, and knowledge will be applied and implemented 

to come to a solution and recommendations. 

1.2 BDP case 

BDP is a full-service logistics company specialized in transport by sea, road, rail, air, and multimodal 

transport. With international offices, they offer customized logistics solutions worldwide. BDtΩǎ Ǝƻŀƭ 

entails processing, storing, and transporting complicated, heavy, or dangerous goods as efficiently as 

possible. BDP is mainly an import terminal for breakbulk but also handles containers. The customers 

of BDP are producers such as Tata Steel, who manufactures semi-finished products.  
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As explained earlier, data from BDP is used and analyzed to formulate a solution to optimize the 

allocation process of handling goods. The solution will be implemented in the breakbulk terminal in 

the Botlek area of the Port of Rotterdam. The breakbulk terminal activities include stevedoring 

activities such as handling, storage, and transshipment, forwarding and distribution of steel, non-

ferrous metals, project cargo and containers on sea-going vessels, inland vessels, trucks, and train 

wagons. The BDP area covers 270,000 m2 and offers a variety of services. The so-called All-Weather 

Terminal (henceforth; AWT), which is part of BDP, is specialized in the handling and storage of steel. 

This terminal is unique in the Port of Rotterdam because of its ability to work all year round in all 

weather conditions.  

On average, 80 trucks are handled at the breakbulk terminal of BDP on a daily basis. The goal of BDP 

is to handle goods in a damage-free way and as efficiently as possible, minding the safety rules and 

processing the waste in an environmentally friendly way. 

This thesis' objective is to advise the management of BDP on how to design a system to align demand 

with supply. The answer to this question is studied by conducting interviews, a literature review, data 

analysis, observations, and by performing a simulation. Conclusions are drafted in an advisory report 

ŦƻǊ .5tΩǎ ƳŀƴŀƎŜƳŜƴǘΣ ƛƴŎƭǳŘƛƴƎ an extensive recommendation, action plan, budget, and planning. 

1.3 Research objectives 

This master thesis attempts to answer the following main research question:  

What is the effect of a dynamic allocation system, that connects the work demand of incoming trucks 

and supply of labor, on handling performances at a breakbulk terminal? 

A dynamic allocation system implies the allocation of employees to the trucks, which varies in time, 

based on the foreseen workload. In order for BDP to respond to peaks without losing its efficiency, a 

better way of aligning the employees on the arriving trucks is required. Using a dynamic allocation 

system implies linking the work demand (being the incoming trucks) to the employees at the breakbulk 

terminal. As a result, the handling process of goods is optimized. This revised allocation method is 

evaluated using different performance measures. 

To answer the main research question, specific sub-questions are identified which will be addressed 

and answered in this report. 

I. What are the causes of congestion at terminals? How is performance of the breakbulk 

terminal compromised as a result of congestion? 

II. What performance criteria are used to evaluate the effect of congestion on the 

performance of the breakbulk terminal? 
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III. What is the best way of optimizing the allocation process? 

IV. Where does the bottleneck occur in the terminal process? What are the current 

performance indicators? 

V. How should a terminal operator deal with the time-varying workload? 

VI. How can BDPΩǎ data be used to optimize the allocation process of handling breakbulk 

cargo? 

VII. What is the best way of simulating the process of handling trucks? 

VIII. What is the best way to design and organize a dynamic allocation system? 

IX. What is the estimation of the results of a dynamic allocation system? 

Research on this problem is relevant since many companies experience the same hurdles. The need 

for further research is therefore crucial as optimal solutions are not yet identified. Consumers want 

their products faster, which pressures logistic companies. Moreover, this research fills a gap in the 

existing scientific debate on breakbulk terminals and congestion. Only a few studies examine the 

congestion problem and a solid solution is still not found. To come to a solution, expertise in other 

sectors could be used and applied to the issues in breakbulk terminals. Lastly, De Jong (2019) 

recommends further research into an optimal way of deploying employees at the terminal. Taking 

these arguments together, this research contributes to the existing scientific knowledge. 

1.4 Thesis outline 

This master thesis consists of several chapters with subsections. Chapter 1 provides some background 

information on the subject chosen. The BDP case is explained, as well as the research objectives. 

Chapter 2 covers an in-depth description of the problem BDP is facing, which lays the foundation for 

the remainder of this thesis. Chapter 3 continues with the literature review and theoretical 

background. In this section, theory and knowledge are used to get a better insight in how to optimize 

the allocation process and which parameters express the problem and measure the impact of the 

change most optimally. Chapter 4 provides information about the research methodology and in 

Chapter 5, the problem of congestion is represented by data of BDP. After the extensive analysis, a 

real-time forecasting model is designed in Chapter 6 to serve as an indicator of the problem. In Chapter 

7, a simulation model of the truck process is presented, which is used to make predictions on the effect 

of work allocations. After the extensive analysis, results are explained in Chapter 8, and the 

implementation of a workload forecasting dashboard is discussed. The focus is on summarizing, 

analyzing, and presenting the main findings and results obtained by the analysis. Lastly, Chapter 9 

concludes the results and offers an overview of the limitations and recommendations for future 

research. 
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Chapter 2 Problem Description 

This chapter provides a detailed description of the current problem at BDP. Section 2.1 explains the 

different product types which BDP is storing and transshipping. Next, Section 2.2 describes the terminal 

layout, providing a basic understanding of how the terminal of BDP operates. Moreover, Section 2.3 

evaluates and visualizes the processes at the terminal. Furthermore, Section 2.4 discusses the current 

manpower allocation method by explaining how the planning department is currently scheduling the 

operational employees on objects tasks. The next section describes the different IT-systems used by 

BDP, in which the new allocation system should be integrated. The final section evaluates the findings 

of De Jong (2019) about congestion and arrival pattern. The information in this chapter is gathered 

from interviews, own observations, and internal company data. 

2.1 Product types of BDP 

This research focuses on seven types of breakbulk that BDP handles at the expedition side of the 

terminal. The expedition side is responsible for the loading of breakbulk to trucks. Each employee 

works with a tablet, which is connected to the IT system. Using the tablet, an employee indicates when 

loading started, products are scanned, and checks are carried out. This ensures that the waiting time 

of trucks is tracked in real-time.  

A brief description of each product type is provided below. Refer to Appendix A for pictures of the 

product types.  

- Aluminum is a lightweight metal. BDP transships different aluminum. Those who are seen in 

this category are bundles ingots and T-bars. To load aluminum on a truck, a 5-ton forklift truck 

is needed.  

- Coils can be up to 1,500 mm wide. Coils are used in the automotive industry, but also for 

packaging, building, and construction. For coils, a 5-ton forklift truck is needed. The coils at the 

AWT must be handled with an overhead crane with 42.5 tons of lifting capacity. 

- Extrusion Ingots (henceforth; E.I.) are soft alloyed billets in diameters ranging from 152 to 405 

mm and lengths from 400 to 8000 mm and alloy. E.I. is used in automotive, transportation, 

building and construction, general engineering, and electronics. To load E.I. on a truck, a heavy 

16-ton forklift truck is needed. 

- Primary Foundry Alloy (henceforth; PFA) is a primary aluminum. Alloys are produced as 

continuous cast or mold cast ingots. The products are stacked and strapped into bundles of 

various sizes. Application areas of PFA are the automotive and transportation sector and 

electrical applications. For PFA, a 3- or 5-ton forklift truck is needed. 
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- Sheets are made from aluminum and are thicker than foil but thinner than 6 mm. Sheets are 

mostly used for printing plates, packaging, building, automotive, transport, and general 

engineering. For sheets, an 8-ton forklift truck is needed. This special forklift truck can be used 

for the loading and unloading of sheets in and out containers.  

- Wire rods are a long steel semi-finished product manufactured by hot rolling billets on 

continuous rolling mills. The diameter varies from 9.5 mm to 25 mm. Aluminum wire rod is a 

raw material for high-voltage cable and wire producers for electrical applications. For wire 

rods, a 5- or 8-ton forklift truck is needed. 

- Zinc is a metal used in many alloys. It is used in the production of plastics, paints, and even 

rubber materials. BDP has different shapes and sizes of zinc stored in its warehouses. For 

example, zinc bundles, ȊƛƴŎ ƧǳƳōƻΩǎ, and scrap. It depends on the customer what kind of zinc 

they prefer. For zinc, a 5-ton forklift truck is needed.  

By distinguishing between the different types of breakbulk, characteristics become clear. The AWT 

coils are very heavy and must be moved with an overhead crane, while aluminum is transported on a 

pallet and moved with a forklift truck. More specifically, the equipment differs per product type and 

not every employee can drive every forklift truck. An overview of the qualifications is given in Figure 4 

in Chapter 2.4. 

2.2 Terminal layout 

BDPΩǎ ǘŜǊƳƛƴŀƭ is focused on metal and aluminum but also stores containers. The expedition side of 

the terminal is split into stations where each team is responsible for a selection of the product types, 

refer to Figure 1. The seven product types discussed in the previous section are shown on this map 

because this thesis focuses only on the expedition side of the terminal. BDP has four warehouses, 

named Italy, Norway, Swiss, and AWT. Each warehouse stores different products. Some products, 

especially E.I. and project cargo, are stored outside.  

The layout of the terminal is designed in 2015 but changes continuously. Several factors contribute to 

the design of the terminal, such as storage location. Certain products must be stored in a warehouse, 

whereas other products can be stored outside. Additionally, some products must be stored dry in the 

AWT, such as coils. Another contributor to the terminal layout is agreements with customers. Some 

customers have long-term rental agreements for a warehouse, while other warehouses are freely 

rentable. Also, the dependence of cargo on the Roll-on/Roll-off (henceforth; RoRo) ramp should be 

considered. Taking these factors into consideration, the layout of the terminal is constantly re-

evaluated and revised. 
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Figure 1 - Map of the BDP-terminal, May 2020 

Before the start of a shift, each employee is assigned to a particular product group or customer. 

Additionally, each employee performs a specific job function, which is further explained in Chapter 2.4. 

The employee is responsible for this so-cŀƭƭŜŘ ΨǎǘŀǘƛƻƴΩ ǳƴǘƛƭ the end of the shift. Each employee is only 

focused on its own business and cooperation with other stations do not occur. Employees rarely help 

out at another station if they have some time between incoming trucks, leading to unnecessary waiting 

times at peak hours at certain stations. It is not uncommon that employees are very busy, whereas 

other employees at another station are waiting an hour for a new incoming truck. The fixed allocation 

of employees at a station is therefore not optimal.  

2.3 Processes at the terminal 

The journey of a truck at the terminal is displayed in Figure 2. Most of the administrative tasks at the 

BDP terminal are digitalized. A truck arrives at the terminal with his passport, required paperwork and 

reference number. At the front desk, the desk staff uses the reference number to determine which 

products are picked up or dropped off. After processing customs documents and checking the 

passport, the truck driver receives the work order, voucher, and claim form, after which the driver can 

drive to the designated place to unload or load its cargo. At the assigned loading or unloading location, 

an employee is stationed with his tablet to prepare the breakbulk. Loading cargo is often done with 

two or three people; one drives the forklift trucks and loads the cargo in the trucks, and the other 

(called the controller) enters the information on the tablet. Every product typeΩǎ ǿŀȅ ƻŦ ƘŀƴŘƭƛƴƎ ƛǎ 

unique. When the truck is loaded, the trucker is directed to the lashing zone to secure its cargo to 

minimize shifting. The type of security (if any) depends on the product type. To avoid congestion in the 
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warehouses, the trucker must secure its cargo at the specially designated lashing zone with space for 

15 trucks. At this site, an employee confirms that the cargo is secured correctly and takes pictures to 

prove correct loading and securing. After reattaching the truckΩǎ sides and top, the trucker drives to 

the gate-out, where permission is requested to leave the terminal. A final check is performed to verify 

that the truck has unloaded or loaded the correct item. 

 

Figure 2 - The journey of handling a truck 

In 2018, the management decided to use time slots for some customers to enforce certain arrival 

times. More specifically, customers can choose an available timeslot when registering in advance to 

ensure a better distribution of arrivals. The slots are 6:45-8:45, 8:45-10:45, 10:45-12:45, 12:45-14:30, 

14:30-15:15 and 15:15-16:45. However, peaks still arise within these timeslots. Moreover, trucks were 

not always arriving at the specified timeslot, which again led to congestion. BDP does not check 

whether trucks arrive within the time slot, since the timeslots are mainly installed to motivate 

customers to arrive at a specific moment. BDP has agreed with its customers that the time between 

the arrival of the truck and the loading of the truck cannot exceed 120 minutes. Hence, the time that 

elapses until a trucker leaves the terminal is not included. If 120 minutes are exceeded, BDP must pay 

a claim. However, when a truck did not arrive at the given timeslot, BDP will pass on the fine to the 

customer or transport company. 

2.4 Scheduling operational employees 

On average, 80 people are working at the BDP terminal on a daily basis. These operational employees 

are spread over the terminal and the two shifts. The dayshift is from 7:00 until 15:15, and the nightshift 

is from 15:00 until 23:45. Besides trucks, ships and rail wagons also arrive at the BDP terminal during 

the day. Compared to the dayshift, only half of the employees are needed across the entire terminal 

during the nightshift. 

This reseŀǊŎƘΩ focus is on the landside of the terminal and only the expedition area. Containers are not 

considered as well as the train wagons. The landside of the terminal is open until 15:00, except for 

some exceptions made for special customers, who can arrive until 17:00. Approximately 15 employees 

are required to handle all seven product types during the dayshift properly. These employees are 

divided over the terminal and the different product types. Only two or three employees carry out the 
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afternoon shift from 15:00 until 17:00 for the entire terminal as the frequency of incoming trucks is 

much lower. 

Figure 3 shows the organizational chart of BDP. The assistant manager operations support the 

operations manager in monitoring, reporting, and setting up long-term plans. The four shift leaders 

are responsible for the whole terminal, whereas supervisors are the leader of a team of operational 

employees. It is the task of the shift leaders to oversee and supervise the various supervisors. 

 

Figure 3 - Organizational chart 

There are different job names in the operational team: 

SL  - Shift leader (monitoring, controlling, ensuring that everything runs smoothly) 

TZH  - Supervisor (leader of a team)  

CO  - Controller (controlling loaded cargo) 

KR  - Crane (driving and operating the crane) 

KR AWT - Crane AWT (driving and operating the crane at the AWT) 

TT  - Terminal tractor, also called RoRo or terminal truck (moving trailers) 

RST  - Reach stacker (transporting containers with a reach stacker) 

Empty handler  -  A machine that can handle empty containers (driving the machine) 

ZVT  - Heavy forklift truck (driving the +16-ton forklift truck) 

VT  - Forklift truck (driving a different kind of forklift trucks) 

Loco  -  Locomotive tractor (pulling wagons by rail) 

DK  -  In Dutch: Dekgast (the team leader of boat employees) 

ST  - Stevedore (working at a dock to load and unload ships) 
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LA  - Lasher (controlling if the cargo in the trucks is secured) 

Uitblok  - (Securing cargo with blocks in ships or containers, so the cargo stays in place) 

Every employee has different qualities, competences, and certificates. Most of the employees can be 

deployed on various objects or can perform various job functions. An overview is given in the 

qualification matrix in Figure 4. The names are anonymized for privacy reasons. With this overview, 

the planning department knows precisely who is authorized to perform which task. The shift leader is 

not shown in this matrix because he does not perform operational tasks himself. 

 

 

 

 

Figure 4 - Qualification matrix 

For every station, a certain amount of job functions is needed. The specific number of employees per 

object is determined using certain graduated scales, called assumptions. For example, for customer A, 

the average tons per truck is 23,911, and the assumption is that up to 20 trucks, one controller and 

two people who drive the forklift  trucks are needed. These assumptions are aligned and agreed with 

the customer as they purchase a continuous service from BDP.  

The planning department schedules people and materials on the various objects one day in advance. 

An object could be a customer, product type, or a specific activity. While the areas to be considered 

are the land- and waterside, this thesis only focuses on the landside.  

Trucks arrive on behalf of the customer, so therefore the planning is based on customer demand. Every 

day, the Customer Service Desk (henceforth; CSD) communicates the registered trucks for the next day 

to the planning department. On average, 80% of all the trucks are registered in advance, meaning that 

the customer has notified BDP of the arrival of a truck on a particular moment. This is also known as a 

pre-registration. 

When CSD makes the right prediction of the arriving trucks on a particular day, the planning 

department is responsible for allocating employees to the various objects. The exact time required per 
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action is recorded with a so-called scratch letter. After a shift is over, the supervisors collect the scratch 

letters. The documents are passed on to the planning department to report the realized hours of effort 

per customer. This administrative process has not yet been automated. 

The planning department schedules employees of BDP in such a way that all trucks can be handled in 

off-peak hours. In addition, BDP deploys temporary employees. On average, BDP targets to have 20% 

of the man-hours covered by temporary employees to be able to handle the peak moments. BDP hires 

temporary employees to ensure flexibility. The planning department informs the employment agency 

of how many people are needed for the nightshift and the next dayshift. Small groups are needed for 

the landside, so the preliminary planning is checked every day at 11:00. The conclusion can be drawn 

that labor deployment is flexible a day in advance. However, during a shift, the labor input is relatively 

fixed since the allocation is not dynamic. The planning department will not interrupt after the planning 

is made one day in advance. Employees are not assigned to an arriving truck or allocated to another 

place but are waiting at their station for a truck to come. As previously mentioned, this results in 

inefficient work shifts of terminal handling employees. 

It is expected that especially the temporary employees have no commitment to the company and are 

therefore not loyal (De Cuyper & De Witte, 2006). For example, these employees are not willing to 

help each other and lack proactivity. A few factors lead to lower motivation: low levels of commitment, 

low tolerance for perceived inequity compared to permanent employees, relatively low age, and 

tenure (Foote & Folta, 2002). Low motivation leads to reduced productivity. However, managers from 

BDP argue that there is hardly any difference between the hired and own employees when it comes 

to loyalty. BDP is facing the issue of low productivity and responsibility for some time with temporary 

employees as well as their employees. Employees do not feel connected to the company, which leads 

to employees acting very individualistic and not caring about the greater good.  

2.5 IT Systems 

Many processes at the BDP terminal are digitalized. BDP uses different IT systems, which will be 

discussed in this subchapter. 

Global Logistic System (henceforth; GLS) (Version 04.27) is a back-office system that offers logistic 

services. This system is used by BDP to process transactions, generate work orders, and keep track of 

inventory. The system allows one to see all current activities at the terminal and their status. BDP has 

used GLS since 2012, which means that much data is gathered during these eight years. The company 

called IT partner, is the owner of GLS but does not offer this back-office system anymore. BDP aims to 

apply a new terminal operating system in two years that is more comprehensive and easier to use. 
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However, they are still in the exploratory phase, so this will take a while before a new IT system is 

implemented. 

Mendix (Version 7.13.1) is a low-code software platform that provides tools to build and implement 

applications. The application for BDP contains a real-time and historic dashboard for reporting, so 

managers have insights into the real-time performance. The clean user interface provides a clear 

overview of the status of ships or trucks which need to be loaded or are being loaded. Specifically, the 

current vessels are displayed and how much is unloaded is reported, as well as the number of damages. 

For the landside, the platform reports the number of trucks that are loaded and overdue, as well as 

the number of trucks for arriving, waiting, loading, and gate-out, and the average time for those 

processes. However, no waiting time has been reported. Mendix is linked to GLS with an Electronic 

Data Interchange connection (henceforth; EDI) and displays the data from GLS in a more interpretable 

and insightful manner. As been discussed earlier, employees use tablets to scan the products, check 

off tasks, take pictures, and obtain information. This data is passed on to GLS via Mendix so that all 

information is up to date.  

2.6 Congestion and arrival pattern  

As mentioned in the introduction of this chapter, it is important to consider earlier findings of De Jong 

(2019). The center of attention of his thesis was the truck turnaround time. The efficiency of the supply 

chain is under pressure because of the irregular truck arrivals at the terminal. The cause of traffic 

congestion at the terminal is that trucks arrive at peak hours. De Jong (2019) found that a peak in truck 

arrivals leads to longer turnaround time, decreasing operational performance. It is also discovered that 

multiple peaks arise at the terminal, one at 7:00 and one between 11:00-13:00. According to De Jong 

(2019), the first peak is caused by trucks that unload their cargo the day before and are ready to load 

their trucks again in the morning. Another reason for the first peak is trucks that unload their cargo at 

distant destinations. They want to arrive as early as possible at the terminal to deliver their cargo in 

time. The cause of the second peak is the increasing number of trucks that unloaded their cargo at 

another terminal in the morning. The varying distribution during the day is visualized in Figure 5. 

However, the exact location of congestion at the terminal remains unknown, as it differs per product 

type. 
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Figure 5 - Truck arrival pattern in 2018 (De Jong, 2019) 

Congestion can arise at various places on the terminal. First, a queue can occur at the front desk; 

however, it shifts to the gate since this process does not take long. Truckers must wait at the gate until 

an employee is available. Again, the handling time for this process is short. The real problem arises at 

the different warehouses where trucks wait to be loaded. Long queues emerge here, which means that 

the entire terminal is filled with trucks.  

Because of the imbalance between supply and demand, some employees are underutilized while 

others are overutilized; this differs per point of time and per station. The unproductivity pressures the 

profit margins. Another effect of the imbalance between supply and demand is overtime charges for 

employees who did not finish their work on time. When the shift is officially ended, employees still 

need to handle the remaining trucks that are in the queue and arrived just before 15:00. However, the 

main impact of the misfit between supply and demand is the increasing waiting time of trucks. 

Congestion compromises the service delivered to the customers. Since ƛǘ ƛǎ .5tΩǎ goal to serve its 

customers as good and as fast as possible, it is necessary to address this problem. In Chapter 5, data 

of 2019 and 2020 will be analyzed to see if the truck arrival pattern of De Jong (2019) is in line with the 

actual pattern. Moreover, waiting times are analyzed during the day, and it is examined whether there 

is a difference in product type, day of the week, or quarter.  

To conclude, the current process of handling goods is static. People and forklift trucks are scheduled a 

day in advance on various objects. This indicates that labor is fixed during a shift while workload is 

variable. The workload varies due to the varying distribution of arrival of trucks during the day. There 

is an imbalance between supply and demand because the allocation of employees is not dynamic. This 

leads to the following three issues: congestion at peak hours, which resulted in long waiting times, 

overtime charges for employees, and lastly, non-productive employees, which put pressure on 

margins. This answers sub-question I. The following chapters focus on how to optimize the allocation 

system to ensure that the productivity loss of inefficient employees is resolved.  
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Chapter 3 Literature Review and theoretical background 

This section covers the relevant literature regarding breakbulk terminals, congestion, simulation and 

solutions at comparable terminals. The first section discusses the layout of a breakbulk terminal and 

the difference with a container terminal. Section 3.2 explains the problem of congestion and the 

consequences. Moreover, Section 3.3 provides an overview of how to optimize the allocation process 

at terminals. Empirical studies, together with theoretical models, describe the best way how to deal 

with congestion at terminals and other business sectors. Then, Section 3.4 highlights various 

performance indicators to determine how to optimize the allocation process. The last section 

scrutinizes the use of simulation and its usefulness in optimizing terminal processes.  

3.1 Breakbulk terminals compared to container terminals 

Little research exists on breakbulk terminals as most breakbulk terminals are a bit outdated and have 

hardly changed since the 1960s (Martin & Thomas, 2001). On the other hand, container terminals are 

quite modern. New technologies and innovations are much more common in container terminals. 

Breakbulk is defined as shipping goods in bags, bales, packed in cartons or pallets, instead of in 

standardized containers ό/ƻǒŀǊ ϧ 5ŜƳƛǊΣ нлмуύ. Breakbulk was the most common form of cargo for 

most of history. However, since the late 1960s, the volume of breakbulk cargo has declined 

dramatically worldwide as containerization has grown (Rowbotham, 2015). Consequently, 

containerization has transformed breakbulk operations (Martin & Thomas, 2001). Container shipping 

has contributed significantly to international trade in the past decades ό/ƻǒŀǊ ϧ 5ŜƳƛǊΣ нлмуύ. 

Containerization has a significant effect on the port structure and port operation with intermodal 

transportation systems, as it changes the dynamics of a container port (Hayut, 1981). The volume of 

transported containers is rising as a result of globalization, the requirement to reposition empty 

containers, and the substitution of breakbulk goods into containers (Rodrigue, 2016). However, 

recently a growing voice of deglobalization through increasing protectionism occurred.  

In terms of variable costs, breakbulk is the most expensive shipping mode. However, the fixed costs of 

containers are higher ό/ƻǒŀǊ ϧ 5ŜƳƛǊΣ нлмуύ. First-mile costs are higher within container transport, and 

the distance elasticity is lower than with breakbulk. Due to this, it is more cost-effective for container 

operators when transporting longer distances ό/ƻǒŀǊ ϧ 5ŜƳƛǊΣ нлмуύ.  

Furthermore, the layout of container terminals is usually more standardized and efficient. There are 

only a few container types with similar transshipping methods and equipment. Besides that, containers 

can easily be stacked at the terminal, which is more difficult with breakbulk. This makes container 

terminals more efficient. The different sizes of breakbulk per product type make it more challenging 

to use the space at the terminal optimally.  
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As a result of the standardization, the level of automation and digitalization differs significantly 

between breakbulk and container terminals. Especially in large ports, emerging digital technologies 

are used to handle containers more efficiently (Anwar, 2019). For example, Blockchain, Internet of 

Things, Artificial Intelligence, and Cloud Computing are new technologies in the container terminal. 

Many papers explain these technologies and their effects (Anwar, 2019; Gekara & Thanh Nguyen, 

2018). Container terminals could much easier be automated or digitalized instead of breakbulk 

terminals since much more precision and flexibility is needed to handle the different breakbulk. 

Breakbulk cargo is less efficient to transport than containers since no standardized pallets are used for 

breakbulk because the product types differ too much. Each product has its unique storage and 

transportation method and the dimensions of the pallets differ per customer and per product. Some 

breakbulk is transported on pallets, but others use  ΨkegenΩ. A picture of ΨkegenΩ under coils is included 

in Appendix B. Pallets are used to move and store products simpler by a forklift truck. Especially in the 

intermodal transport chain, the use of pallets is very efficient because of its uniformity in the supply 

chain. Burdzik et al. (2014) examined the impact of processes handling efficiency on the transport 

processes. The use of pallets is one of the main contributors to handling efficiency.  

Container carriers are usually larger than the more classical breakbulk ships, as containers can easily 

be stacked compared to breakbulk cargo (Van Hee & Wijbrands, 1998). The variations in the breakbulk 

size make it challenging to use the space on a ship optimally. Weight is often the determining and 

limiting factor for breakbulk cargo. An example is a coil that can weight 36,000 kg, which does not fit 

in a container. Hence not all breakbulk is containerized.   

Lastly, breakbulk ports must transship different packages, which takes much more time than 

containers, where handling is the same for all containers. Different resources and equipment are 

needed to handle breakbulk cargo, which means that it is much more labor-intensive than a container 

terminal. Moreover, breakbulk cargo has a higher risk of getting damaged or stolen and constitutes a 

very time-consuming process compared to handling containers (Rowbotham, 2015). The longer 

loading time can cause congestion. 

Despite the differences between a breakbulk and container terminal, the literature about container 

terminals is still relevant for this thesis as the general processes and layout are the same. The supply 

chain of an incoming truck, the waiting, and handling time is the same. However, the exact actions are 

different. Breakbulk is much more complicated, which makes the solution a bit more difficult. 

  



25 
 

MASTER THESIS SARA BARROS DAS NEVES 

 

3.2 Congestion at terminals 

Much research has been conducted regarding the consequences of imbalanced supply and demand; 

congestion. The Cambridge Dictionary (sd) explained congestion as a situation with too much traffic 

and difficult movement. Congestion is a global problem and not only on public roads. Because of 

further containerization and globalization, the increase in international trade is not expected to stop 

in the coming years. Research also argued that due to increased container transport, the increase will 

lead to even more congestion at terminals (Wu et al., 2017; Wan et al., 2013).  

Queues at the terminal create waiting time and delays in delivering products to the customers (Saeed 

& Larsen, 2016). The service time must be limited to minimize costs for shipping lines (Lai & Shih, 1992). 

Costs may emerge from penalties or claims to be paid when a truck exceeded the maximum waiting 

time. As a result of congestion, customers may become unsatisfied and switch to another terminal 

with a better reputation to transship their goods.  

Another effect of congestion is air pollution. Watanabe (2003) investigated the environmental impact 

of a truck waiting at the port entrance gate. He argued that no governmental regulation exists about 

air pollution at terminals (Watanabe, 2003). These engines of trucks idling in the queue cause 

significant emissions. Even though there are no strict regulations, stakeholders have more interest in 

emissions and the impact on the environment, creating more pressure on the terminals to contain air 

pollution (Sharif et al., 2011). 

Utilization during the day is either low or high due to peak hours (Dekker et al., 2013). The workload 

of employees at the terminal is, therefore, very variable and thereby harms productivity. At some 

moments, employees are not occupied, whereas their workload is very high on other moments. There 

could be a lack of service towards the truckers during rush hours, because they are not helped 

immediately and must wait.  

High pressure on terminal systems and equipment can lead to a failure in the system. The breakdown 

can lead to more delays and queues in the process (Dekker et al., 2013). A bottleneck could have a 

significant impact on a terminal because all processes are temporarily stopped. The efficiency of the 

terminal system is then limited (Chen et al., 2013). 

A queue at the terminal can not only exist at the gate but also at a station (Guan & Liu, 2009). Limited 

gate capacity leads to congestion at a terminal. However, other research confirmed that during peak 

hours, the handling capacity is under pressure, which leads to queues at loading places (Dekker et al., 

2013). 
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From the perspective of the trucker or customer, the trip time of a trucker increase when queues occur. 

Delays could lead to difficulties in making schedules for truckers and producers (Dekker et al., 2013). 

The turnaround times of truckers who visit the terminals affects not only the truckers but the entire 

supply chain. It also provides much uncertainty for customers because more processes go hand in hand 

with transporting a product from A to B (Dekker et al., 2013). The bottleneck in the handling process 

could, therefore, lead to high turnaround times. De JongΩǎ ŦƛƴŘƛƴƎǎ (2019) confirm a relationship 

between the truck turnaround time and the number of trucks at the loading process. This implies that 

a peak leads to longer truck turnaround time.  

Based on the abovementioned studies, one can conclude that several factors influence congestion. It 

is essential to distinguish between factors that are controllable and those that are not. Moreover, the 

supply of trucks and the allocation of trucks throughout the day is not fully controllable by a terminal 

operator. Solutions such as gate-appointment systems or time windows could influence congestion 

but research about De Jong (2019) concluded that it does not solve the problem optimally (Guan & Liu, 

2009; Chen et al., 2013). There will always be peaks due to external factors and because the supply 

chain consists of different parties with different interests. Chapter 3.3 further elaborates on the 

congestion problem and how to optimize the allocation process.  

3.3 Optimizing the allocation process 

The previous section discusses the well-known problem of congestion at terminals. The biggest 

contributor to congestion is the misfit between the supply and demand at a terminal. At peak hours, 

more truckers arrive than the employees can handle. The terminal is very involved with a variety of 

operations, requiring a vast number of resources to interact. Optimizing human resources is essential, 

especially in systems with a low level of automation, such as a breakbulk terminal (Fancello et al., 

2011).  

Shukla et al. (2013) sophisticatedly explained how problems in scheduling are due to the stochastic 

nature of the problem, as well as the size and complexity. Stochastic means a randomly determined 

process that may not be predicted precisely, such as customer demand. Shukla et al. (2013) also 

highlighted the importance of this demand on the timing of delivery. Gambardella et al. (1998) have 

shown how optimization and simulation can be used to solve resource allocation problems. Allocating 

resources at the terminals and scheduling loading and unloading operations are major problems in an 

intermodal (container) terminal (Zaffalon et al., 1998). They used simulation to test and evaluate the 

management policies. Besides the net profit and costs, the simulator also assesses the resource 

utilization and congestion at the terminal.  
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Bartz-Beielstein et al. (2006) also described the problem of allocation but discuss goods with a total 

weight under three tons (less-than-truckload). They extended the model of Bermudez et al. (2001), 

where they used a genetic algorithm to minimize total weighted travel distance. With their research, 

they aim at minimizing the transportation volume inside the terminal and reduce the waiting times for 

trucks between arrival at the terminal and the moment they are assigned to a gate.  

Earlier research clearly described how Japanese ports have substantially higher costs because of a 

relatively lower handling volume compared to the terminal capacity (Imai et al., 2003). This imbalance 

results in inefficient use of the existing capacity. Imai et al.Ωǎ (2003) solution is a multi-user container 

terminal where berth allocation is optimized. However, this article takes the service priority in its 

objective function. 

Other research used the first-come-first-service strategy for incoming ships and considers arrival time 

a key factor for the allocation strategy (Lai & Shih, 1992). The allocation procedure is needed to assign 

the available resources. In their model, the service rate varies at the different berths, which they did 

not take into account. The authors studied different allocation policies and their impact on 

performance measures. Lee et al. (2010) also studied the berth allocation problem to minimize the 

total flow time. Additionally, Legato & MonacoΩǎ (2004) study faced a complex resource allocation 

problem. Kallel et al. (2019) stated that this is one of the most critical operational problems in seaport 

terminals. However, the papers talk about vessels and the waterside of the terminal. The thesis 

revolves around minimizing the total waiting time and reduce congestion in ports.  

Another research by Froyland et al. (2008) studied the optimization of the landside of the terminal. 

They used a three-stage algorithm to solve the planning problem. However, this research is about an 

automated container terminal.  

Research confirmed that online policies to allocate incoming trucks reduce the man-hours needed (Yu 

et al., 2008). This policy takes all actual data into account to make door allocation decisions. By using 

simulation, they claim that the man-hours can be reduced by over 20%. Although this research is about 

a door allocation at an ICT (Intermediate Consolidation Terminal), the concept itself may still be 

applicable to the breakbulk terminal. 

Little research exists on the allocation of employees at the terminal instead of equipment. Fancello et 

al. (2011) optimized employee allocation based on tƛǎŀƴƻΩǎ (2008) optimization model for the optimal 

allocation of drivers at a terminal. The optimization reduced operating costs while maximizing 

efficiency. Unless this research was about the waterside of the terminal, it is still relevant for this 

research. Other research developed a human resource allocation model in a transshipment terminal 

(Legato & Monaco, 2004).  



28 
 

MASTER THESIS SARA BARROS DAS NEVES 

 

Di Francesco et al. (2015) investigated the human resource allocation problem and solved it by 

designing short- and long-term planning. The experiment showed that personnel shortfalls could be 

reduced with more long-term planning.  

Solutions for the congestion problem are mainly tactical and based on increasing capacity. Real-time 

forecasting as the solution is hardly mentioned in the existing literature. Besides research at terminals, 

studying other sectors that face allocation problems may help in finding the optimal solution for 

terminals.  A call center is an excellent example of a capacity allocation with a random workload and a 

random and non-stationary arrival rate (Avramidis et al., 2004; Shen & Huang, 2008). The keynote, 

according to the article, is to have a flexible workforce allowing for a decrease in total operating costs 

(Liao et al., 2012). The staffing problem of the call centerΩǎ ǎǘŀŦŦƛƴƎ ǇǊƻōƭŜƳ was modeled as a cost 

optimization-based newsboy-type model. This mathematical model is used in operations management 

to determine optimal inventory levels. The methods can be compared because the principle of the 

process is the same; arrival rates are uncertain, and labor costs at call centers represent a significant 

part of the total costs (Liao et al., 2009). Emails are seen as side tasks treated by the remaining agents 

(Liao et al., 2012). At call-centers, forecasting is used to manage the workforce (Motta et al., 2013). 

However, processes are more digitalized and standardized compared to a breakbulk terminal.  

3.4 Performance criteria 

Several performance measures of interest are examined during the changes in the allocation process. 

Based on interviews and literature, the three best criteria are chosen.  

Performance criteria are the expression of what is to be measured and why (Gharajedaghi, 2011). It is 

a standard by which performance is evaluated and is a selection of action variables that aims to define 

some or all aspects of performance. Hughes & Bartlett (2002) explained it very clear by giving 

examples. For example, a soccer player's performance indicators are the number of shots, passes, or 

passing accuracy. Relevance is the most critical factor in selecting the best performance variables.  

Due to increased competition, firms are forced to improve their performance. This also applies to 

ports. Ports are generally measured by comparing the throughput. The United Nations (1976) defined 

both financial and operational indicators. Examples of financial indicators are revenue or volume of 

the cargo. Examples of operational indicators are service time, arrival rate, and waiting time, which are 

more important for BDP. These indicators are used to control operations and improve it by comparing 

performances (United Nations, 1976). These performance indicators aid companies in distinguishing 

themselves. In annual reports, most of the indicators are used to show the performances of the 

company.  
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Terminal performance indicators are discussed in scientific research. However, as discussed before, 

most of the research focuses on container terminals and the terminal seaside. In Table 1, a summary 

is provided of the different performance indicators used in literature. The performance indicators are 

written in a general sense. However, there are many different ways of how, for example, throughput 

is measured.  

Table 1 - Performance measures at terminals 

Performance indicator Source 

(Labor)costs (Dekker et al., 2013) 

(Fancello et al., 2011) 

Computation time (Chen et al., 2013) 

Container dwell time (Liu et al., 2002) 

Emissions (Dekker et al., 2013) 

Gate processing time (Guan, 2009) 

Handling operations time (Arango et al., 2011) 

Idle rate of equipment (Liu et al., 2002) 

Loaded trips (fraction of trips on which a container is 

transported) 

(Dekker et al., 2013) 

Net profit (Gambardella et al., 1998) 

Number of operations per hour (Froyland et al., 2008) 

Productivity (Fancello et al., 2011) 

Quality (Chen et al., 2013) 

Queue length (Guan, 2009) 

(Guha & Walton, 1994) 

(Zaffalon et al., 1998) 

Service time (Saeed & Larsen, 2016) 

(Arango et al., 2011) 

Throughput  (Liu et al., 2002) 

(Tongzon, 1995) 

Truck operating time (Nossack & Pesch, 2013) 

Turn-around time/process time/time to move a 

container/system time/completion time 

(Liu et al., 2002) 

(Saeed & Larsen, 2016) 

(Guan, 2009) 

(Guha & Walton, 1994) 

(Zaffalon et al., 1998) 

(Lai & Shih, 1992) 

(Kim et al., 2003) 

(Sharif et al., 2011) 

Turnover (Froyland et al., 2008) 

Utilization rate (per hour/per carrier/per berth) (Dekker et al., 2013) 

(Guan, 2009) 

(Guha & Walton, 1994) 

(Froyland et al., 2008) 

(Lai & Shih, 1992) 

(Liu et al., 2002) 

Waiting time (Sharif et al., 2011) 

(Saeed & Larsen, 2016) 

(Guan, 2009) 

(Guha & Walton, 1994) 

(Froyland et al., 2008) 
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(Lai & Shih, 1992) 

(Arango et al., 2011) 

(Gambardella et al., 1998) 

Yard crane performance (Gambardella et al., 1998) 

(Source: Compiled by author) 

Based on the literature and an interview with the manager operations of BDP, the following 

performance indicators are chosen; waiting time, utilization rate, and costs. 

Waiting time 

This performance indicator is evident since the goal of BDP is to reduce the ǘǊǳŎƪǎΩ waiting times. Guan 

(2009) used this indicator as well. In particular, the relationship between gate processing time and 

truck waiting time is revealed. However, in the case of BDP, the idea of different stations rather than 

gates is studied. Waiting time can occur in different places (refer to Chapter 5.4). For the purpose of 

this research, the focus lies on reducing the waiting time before loading since this has a substantial 

impact on the turnaround time. Furthermore, there are different ways of measuring waiting time, such 

as average waiting time, maximum waiting time, or a percentage of trucks waiting more than x hours. 

Using averages may not always give a clear picture due to many outliers. An indication of peaks and 

outliers is visible by using a percentile. With a percentile, it can be calculated how much percent of the 

trucks are waiting for more than x minutes. 

Utilization rate 

The utilization rate is the amount of time that equipment, employees, or stations are active instead of 

inactive. Liu et al. (2002) used a percent of time the gate is serving the incoming and outgoing 

containers at the utilization indicator. For BDP, the utilization rate of resources are calculated. BDP 

finds it important that stations are optimally utilized. Now, it often happens that employees sometimes 

wait for hours for the next truck while another employee is very busy, and queues arise. Therefore, a 

reasonable utilization rate is one of .5tΩǎ Ǝƻŀƭǎ. 

Costs 

All performance measures discussed above are ultimately related to costs. Fancello et al. (2011) also 

used labor costs as a performance criteria for human resources allocation. BDP hopes that with a 

dynamic allocation process, fewer employees should be scheduled every day. When every employee 

is fully deployed, they expect to perform the same amount of work with few people. This will lead to 

a cost reduction in the future. The other cost savings are the savings on overtime charges and claims. 
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3.5 Simulation  

Simulation is one of the methods of analyzing data and giving advice on decisions. A simulation is an 

imitation of the operation of a process. Process simulation is the right way for managers to make 

decisions based on real data. Simulation models have proven to be convenient and reliable ways to 

support decision-makers (Gambardella et al., 1998). With simulation models, the validity of 

management policies can be tested, such as resource allocation. Arango et al. (2011) argued that a 

simulation is a valuable tool, especially in allocating resources in ports. 

A review provides an overview of the literature available on simulation models in the port sector. A 

review of simulation models in port and container terminals found out that simulation increasingly 

favored the development of ports and container terminals (Dragoviŏ et al., 2017). Most of the papers 

have the container terminal as the application area for simulation models. Only 6.4% of the papers are 

about bulk operations (Dragoviŏ et al., 2017). Discrete-event simulation is one of the most popular 

techniques in port operations modeling.  

Different parameters could be changed to see the actual impact on outcomes. Dekker et al. (2013), for 

example, tested the effect of a chassis terminal on the waiting times, whereas Gue (1999) showed the 

effect of different kinds of layouts of a terminal to the expected costs. This gives the terminal manager 

a good overview of designing a terminal and the corresponding costs. As a result, it is easier for the 

management team to make decisions. Additionally, simulation can be used to optimize terminal 

processes. 

Many researchers study simulation. For instance, Arango et al. (2011) faced a bottleneck because of a 

limited lock for small ships. With an optimization model for berth management, the port performance 

will be improved. Their research concluded that a simulation is a valuable tool with great potential in 

resource allocation in ports. Moreover, Zhen (2016) investigated the yard template planning for 

arriving vessels. Besides simulation, meta-heuristic was used to solve the model. 

A few papers focus on the port simulation for bulk cargo operations. For example, Park & Noh (1987) 

used a port simulation model to simulate the future port capacity. They also argued that this method 

can easily detect problems and is an excellent way to assess benefits and effectiveness of operational 

configurations. A case study by Guimaraes & Kingsman (1989) in a grain terminal in Portugal evaluated 

the impact on annual costs and shortage levels by changing two parameters, using a simulation-

optimization model. More recent research designed a simulation meta-model to perform a cost 

analysis and the robustness is tested by changing parameters to see the impact on performance 

indicators (Cigolini et al., 2013).  
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To sum up, this chapter reviews recent and relevant literature to answer different sub-questions. First, 

it is evident that little research has been done on breakbulk terminals, as the focus of the literature is 

on container terminals. Similarities and differences between container and breakbulk terminals are 

analyzed to conclude that breakbulk products are more labor and time intensive. Improvements in 

breakbulk terminals are more complicated than in container terminals because handling the breakbulk 

is different per product. However, studies about container terminals are still relevant for this thesis. 

Second, the imbalance between supply and demand causes congestion at terminals. The consequences 

of congestion suggest that it is necessary to optimize the processes to accommodate the peaks better, 

for instance by using a proper allocation system. This answers sub-questions I and III. Besides research 

about terminals, also other sectors are facing the allocation problem. The theory in this chapter is used 

to design an allocation system in the following chapters. The so-called performance criteria are used 

to measure the outcomes of different allocation methods. Ultimately, the three best performance 

criteria (waiting time, costs, and utility) are chosen, which answers sub-question II. Lastly, the literature 

about simulation is discussed, an excellent method of imitating reality with data. Especially in the 

allocation process, simulation is a valuable tool. The execution of the simulation will be discussed in 

Chapter 8. 
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Chapter 4 Research Methodology 

This thesis aims to improve the resource allocation process in the terminal of BDP and contribute to 

existing scientific research. The objective is to map the current process of handling breakbulk and 

examine bottlenecks to come up with recommendations on how to improve the process. This chapter 

discusses the methodology and research methods that aid in developing this recommendation. Section 

4.1 describes the type of research used and the research design. Moreover, Section 4.2 explains how 

data is retrieved and utilized in this research, after which Section 4.3 discusses data cleaning. Finally, 

the last section describes the simulation analysis. 

4.1 Research design 

This academic research is practice-oriented through the inclusion of a practical element in the 

methodology, where knowledge created contributes to the professional practice. A descriptive 

research design is used to gather, analyze, and present data to comprehend the actual problem. More 

specifically, a descriptive study is designed to describe the distribution of one or more variables 

without a causal hypothesis (Aggarwal & Ranganathan, 2019). A subtype of a descriptive study is the 

descriptive case-study, which is a method for in-depth study. Existing theory is used to get an enhanced 

knowledge of allocation processes. The type of research is secondary since others collect the data, and 

data is made available for own research. 

Case studies require the use of different types of data collection, both qualitative and quantitative 

data. For quantitative research, secondary data is used from BDP to identify and quantify the problem, 

ǎƛƴŎŜ .5tΩǎ Řŀǘŀ ƛǎ ƻŦ ŜȄŎŜƭƭŜƴǘ ǉǳŀƭƛǘȅΦ In this way, the problem can be identified and quantified, which 

is required for this research. The purpose of quantitative research is to generate knowledge and create 

an understanding of a specific real-world topic. By using statistics, findings can be generalized. 

Statistical analysis is conducted regarding the actual and current performance indicators to identify 

the problem. This analysis is executed in R Studio, an integrated environment for R, a programming 

language for statistical graphics (2020). Besides this, a simulation model is used to solve the allocation 

problem. The simulation focuses on the understanding of the behavior of a system when it is subject 

to change. Together with quantitative research, qualitative research is conducted through interviews, 

observations, and participation. Qualitative research is necessary to interpret the quantitative data. By 

only using quantitative data to assess a problem, the origin or explanation of specific outcomes is 

unknown. Interviews, therefore, help to validate and explain results. 
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4.2 Data collection 

Data collection is the process of gathering and measuring information on variables of interest in an 

established systematic fashion (Kabir, 2016). Data from BDP was collected from their internal 

operating system called GLS. The data is called secondary data, which is already collected and made 

available. Secondary data has many of the same positive attributes as primary data, as the accuracy of 

the data is still sufficient as it comes directly from the company that collected it. Before the data is 

collected, a data collection strategy must be chosen. Additionally, one should determine what 

information is relevant in answering the research question, in this case being data of arriving trucks. 

The operating system GLS records all arrivals. The data is expanded via the Mendix program, in which 

processes are further differentiated. GLS reports the duration of each process, such as loading or 

lashing. GLS only distinguishes between the different processes, while Mendix also notes different 

duration within a process. One example is that GLS only reports the total loading time, including the 

waiting time. However, Mendix reports a separate time for the waiting time before loading and the 

actual duration of loading. Therefore, the data of Mendix is more valuable because the purpose of a 

new allocation system is to reduce waiting times. Mendix has been used since February 2019, so 18 

months of data has been collected. Since the data was already collected and not from a primary 

resource, the ŘŀǘŀΩǎ ŀǾŀƛƭŀōƛƭƛǘȅ ŘŜǇŜƴŘǎ on the already collected data.  

The data file used to answer the research question consists of data about the truck arrivals since the 

focus is only on trucks. The gathered data is from February 2019 until May 2020. When exporting the 

data from Mendix to Excel, almost 30,000 data points are identified, all being individual truck arrivals. 

A limitation of aŜƴŘƛȄΩ data is that it only contains data from loading trucks, and not from unloading. 

No correction could be made for these cases because it is unknown how many trucks unload and when. 

Information about unloading trucks is not recorded in the tablet, unlike loading trucks. Since BDP is 

mainly an import terminal for breakbulk, the data can still be used.  

The dataset includes information about the date and time of arrival, visit number, license plate, 

product type, number of products, weight, customer, and different times of the completed processes. 

These are, for example, the waiting time before loading, the time to load, and the time needed for 

lashing. In total, 23 variables are included in the dataset. The explanation of each variable is explained 

in Chapter 5.1. 

Before conducting the analyses, the data is reshaped and cleaned to remove errors and 

inconsistencies. Moreover, variables must be recoded or transformed. After this, the data can be 

summarized.  
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4.3 Data cleaning 

Data cleaning is necessary to get the raw data in shape for more accessible visualizations and more 

accurate information. Cleaning means adjusting the data, which is explained step by step in this 

subsection. The Excel dataset is cleaned using RStudio software (2020). The packages ΨdplyrΩ and ΨtidyrΩ 

from ΨtidyverseΩ are used to detect missing values (Wickham et al., 2020; Wickham & Henry, 2020). 

The package Ψggplot2Ω is a graphical package that helps visualize data and make manipulations, for 

example, with a boxplot (Wickham, 2016). Moreover, the package Ψdata.tableΩ is used to inspect and 

perform fast manipulation (Dowle & Srinivasan, 2020). 

The inspection of the data file revealed 27,661 observations of 23 variables. First, the timestamp data 

is separated into date and time. Moreover, the dataset contained missing values which are important 

to understand to manage the data successfully. Missing details could indicate incorrect data notation. 

Several methods exist to manage the missing data. First, listwise deletion is a method for handling 

missing data by deleting the entire data point from the analysis when one value of a variable is missing. 

The disadvantage is that with this method, a significant fraction of the sample is deleted, which affects 

the statistical power. Second, one could use the conventional imputation method, where each missing 

value is substituted for a reasonable guess. In this case, listwise deletion is most suitable because the 

percentage of missing values is minimal (2%). Moreover, an inspection of the missing data points 

revealed that they were incorrect and unreliable. Replacing these missing values can lead to an 

incorrect reflection of reality.  

Before deletion of all rows with missing values, some columns are deleted, which are not valuable for 

the analysis but consists missing values. An exception is made with the column for lashing and 

controlling. There are many missing values here since not all product types have to be lashed and 

controlled before leaving the terminal. Moreover, many zeros have been reported in the loading times 

column. These are not deleted with the listwise deletion and are treated differently. This exception is 

further explained in Section 5.6. Another exception was the gate-in column, which consists of some 

missing values as the gate was opened manually for these trucks. These data points are not deleted 

because the other variables are well measured, and the gate-in time is not relevant for this analysis. 

The benefit of keeping this data outweighs the disadvantage of removing data points that compromise 

statistical power.  

After filtering out the missing values, incorrect data is deleted so that it could not manipulate the 

analysis. The outliers are discarded from the dataset with an outlier analysis. This analysis is only an 

indication of the outliers. Before deciding if the outliers are removed, the nature of the outlier is 

investigated. Outliers can appear in the dataset due to an incorrect measurement. It is then 
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appropriate to drop the outlier because the value does not correspond with the actual value. When an 

outlier does not influence the outcome that much, the decision is to drop it. The differences can be 

seen in the boxplot of the arrivals, refer to Figure 6. The boxplot shows that 50% of the arrivals are 

between 8:31 and 12:17. A value is considered an outlier when it is more than 1.5 times the 

interquartile distance from the ends of the box (first or third quartile). The outliers are displayed with 

red dots. This concerns trucks that arrive at the terminal after 18:00.  

 

Figure 6 - Boxplot of the arrival time with outliers 

The difference in the boxplot without outliers is visualized in Figure 7. The boxplot barely changes 

compared to Figure 6, since only 0.1% of the observations are outliers. The parameters minimum, 

maximum, first and third quarter, median, and mean changes change a little.  

 

Figure 7 - Boxplot of the arrival time without outliers 

When outliers affect the results and concern multiple observations, it is not legitimate to simply drop 

the outlier. Further analysis with and without the outlier is required. The boxplot in Figure 8 about the 

total time a truck is at the terminal shows many outliers. In this boxplot, 8.5% falls outside the range 

of 1.5 times the interquartile distance from the ends of the box and is, therefore, an outlier.  

 

Figure 8 - Boxplot of the total time with outliers 
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Before immediately removing these outliers from the dataset, the origin is examined. The reason for 

the long total time of a truck at the terminal is mainly due to the long waiting time before loading. This 

observation is not unlikely and indicates the problem of the BDP terminal. Consequently, one can 

conclude that these high numbers are not due to an incorrect measurement. A truck has been at the 

terminal for a very long time due to BDP, but it could also be the truck or transport company itself. 

Sometimes the truck driver is obliged to take a break, or he must wait for paperwork. From the 

ƳƻƳŜƴǘ ǘƘŜ ǘǊǳŎƪ ƛǎ ƭƻŀŘŜŘΣ ƛǘ ƛǎ ƴƻ ƭƻƴƎŜǊ .5tΩǎ ǊŜǎǇƻƴǎƛōƛƭƛǘȅ for how long it will take before the 

truck leaves the terminal. However, it is their burden because they want to get the trucks off the 

terminal as soon as possible to prevent further congestion at the terminal.  

A total time of more than 600 minutes is exceptional, according to operational employees, and may 

even indicate an improper check-off when a truck left the terminal. Thus, all data points that exceeded 

599 minutes total time at the terminal are excluded from the dataset. However, these data points are 

not excluded when plotting the arrival pattern. It becomes evident that trucks that were at the terminal 

for less than 54.5 minutes should be removed based on the outlier analysis. However, when checking 

these data points, it becomes clear that it is likely that this data is correct. Most of the data points with 

a total time of less than 54.5 minutes arrive in off-peak hours so can be served immediately. Because 

the data appears reliable, the data points will not be removed. The boxplot of the total time at the 

terminal without outliers is visualized in Figure 9. 

 

Figure 9 - Boxplot of the total time < 599 minutes 

Lastly, a measurement error is visible when a boxplot is made of the loading time. Many outliers are 

visible in Figure 10. It is impossible to exceed 600 minutes to load a truck because the terminal is only 

open for 10 hours a day. The data points which exceed the 600 minutes are therefore subject to 

inaccuracy, which means that they are immediately removed from the dataset. Probably this is 

unfinished activities or tasks that were not checked off correctly in Mendix by the employees. The 

activities are checked off the day or days after by the customer service desk, explaining the length of 

this task. As with the previous variable, these outliers are included when plotting the arrival pattern. 
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Figure 10 - Boxplot of the loading time with outliers 

There is still much spread after removing the outliers. This is visualized in Figure 11. 

 

Figure 11 - Boxplot of the loading time < 599 minutes 

The 23 variables in the dataset exported from Mendix were not sufficient for data analysis, as some 

variables were missing. Hence, new variables are created from existing variables. The first variable 

created is the waiting time before gate-in. This variable is calculated by subtracting the arrival time 

from the gate-in time. The same is done for the variable waiting time before lashing (start lashing time 

ς end loading time) and waiting time before gate-out (gate-out time ς end control time). Moreover, 

the total time each truck is at the terminal is calculated by subtracting the time of arrival from the time 

of departure. The creation of this variable also revealed that there were errors in the data. Several 

times, the total time turned out to be negative or zero, which is because the departure time was 

recorded before the arrival time or the same, being impossible. Hence, there is an error in the data as 

probably, the task from the day before was not correctly closed. The data points containing negative 

or zero total time are noted as Ψnot availableΩ (henceforth; NA) in the dataset. In this way, the rest of 

the variables are included in the data analysis; only the variable total time is considered incorrect. 

Valuable information such as waiting and loading can, therefore, be preserved.  

Although removing data points, doing an outlier analysis, and creating new variables takes a significant 

amount of time and effort, it outweighs the disadvantages of drawing inaccurate conclusions based on 

inaccurate data. 
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4.4 Simulation 

As discussed in Chapter 3, different methods are used to solve congestion problems. Simulation 

models have proven to be a reliable and convenient tool to support decision-makers (Hayuth et al., 

1994). Therefore, simulation is used to test and evaluate specific adaptions or policies. Simulation of 

the systems within BDP provides insights into the process risk, effectiveness, and efficiency. The 

outcomes are then compared to see the actual impact. A simulation is made to determine the 

processes and patterns. A simulation is a flexible tool that can detect and quantify disturbance.  

A simulation model is built, representing the average day in the allocation process. As discussed in 

Chapter 3, there is always a possibility of breakdowns of systems or equipment. These breakdowns are 

not considered in this research. 

A discrete event simulation model (henceforth; DES) is used to validate the dynamic allocation process. 

DES is a modeling approach for complex environments with many interactions between objects 

(Atashbar et al., 2016). The process can be described as a sequence of discrete events. Discrete-event 

simulation is used for modeling stochastic, dynamic, and discretely systems (Ucar et al., 2017).  

There are several ways of modeling this discrete event simulation. In this research, the library Simmer 

is used, a package from R (Ucar & Smeets, 2019). This package is used because of its flexibility and 

ability to immediately link to data cleaning. Moreover, the package is very flexible and is openly 

available; also BDP could use it. Drawbacks are that the package cannot visualize data and that there 

is not always control over what happens inside the program. Another way of simulating is by using 

Arena. Arena is a discrete event simulation and automation software acquired by Rockwell. This 

program has a simple setup but does not have a wide range of functionalities in the trial and student 

edition. A disadvantage of Arena is that there is littl e control over processes within the program. In the 

end, a Seven-Step Approach of Law (2008) is used to conduct a successful simulation study, refer to 

Figure 12. First, the problem is formulated, and the data is collected. Moreover, assumptions are made, 

and the model is programmed. Step 5 is checked by comparing the simulated values with the actual 

and look if the values are reasonable.  
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Figure 12 - Seven-Step Approach (Law, 2008) 

Different terminology is used in the R simmer, such as environment, trajectory, and resource. A short 

explanation of each term is explained in Appendix C. With the simulation, the reality is simulated to 

see where queues arise, which leads to waiting times. Moreover, resource utilization will be calculated 

for every resource.  

To conclude, this chapter described the methodology used to do the analysis in this thesis. A 

combination of quantitative and qualitative research provides extensive knowledge and understanding 

of the problem. A descriptive case study is designed with data from BDP of the years 2019 and 2020 to 

optimize the allocation process of handling breakbulk cargo. The sixth sub-question is, therefore, 

answered. The data file has been reshaped, cleaned, and expanded before it could be used for the data 

analysis. In this way, as much reliable data as possible is preserved. Besides, the best way of simulating 

the process of handling trucks is by using discrete event simulation. The package R simmer in R will be 

used to perform a simulation. This answers sub-question VII. 
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Chapter 5 Data analysis 

Now that the methodology is specified, this chapter focuses on the actual analysis. Data analysis is 

necessary to determine where and when queues arise during the process of handling a truck. This 

chapter quantifies .5tΩǎ ǇǊƻōƭŜƳ. By visualizing the data in figures, conclusions can be drawn. The first 

section provides a descriptive analysis, which covers a brief explanation of the assumptions, scope, 

and facts to consider before starting the analysis. Section 5.2 gives a short description of the different 

variables. Then, Section 5.3 analyzes the current arrival pattern of trucks and observations are 

explained. Section 5.4 examines the waiting time to determine where the waiting time is highest during 

the truck process. The next section briefly discusses the total time of a truck and the impact of the 

waiting time on the total time. Section 5.6 calculates the loading time of every product type with 

different assumptions. Ultimately, the best option is selected to use in further analysis. In the last 

section, the summary statistics are presented in a table to detect differences.  

5.1 Assumptions, scope, and facts 

It is essential to specify the assumptions made when designing solutions. These assumptions have a 

significant impact on the outcome. A brief explanation is provided below: 

- The data from 2019 and 2020 is representable for the future. 

- A truck arrives according to a pattern or known statistical interarrival distribution. There is no 

planned arrival time of individual trucks like with an appointment system. 

- Customer demand is stochastic and independently distributed based on the past. 

- A truck is served when there is no queue. 

- Every truck must be serviced after arrival. 

- Each truck picks up only one product type. 

- Each truck is treated without any differentiated priority, so first in, first out (henceforth; FIFO). 

- Each truck must be assigned only to one station. 

- The time needed for handling is not dependent on the queue. 

- Loading starts when a truck arrives at the station. 

- Loading time is a deterministic value, dependent on the product type. 

- Every station services up to one truck at any time. 

- There is one order picker per team. 

- Every task is completed before starting at a new one. 

Facts: 

- The terminal loading process takes place between 7:00 and 17:00. 

- Truck arrivals are not booked in advance, but only pre-notified. 

- Actual demand is only known when the truck arrives. 
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Research scope:  

- Only truck arrivals are considered, so no ships or rail wagons. 

- Only the seven product types are considered, which use the tablet and Mendix. 

- Only trucks that want to load cargo are considered since BDP is mainly an import terminal for 

breakbulk and Mendix only reports loading information. 

5.2 Explanation of the variables 

As discussed in the previous chapter, data from Mendix is used for the analysis. Before the analysis 

starts, it is necessary to explain the different variables of the data file a little further. Due to the 

company policy and confidentiality requirements, the data file is not added to the Appendix. 

Date and time of arrival: the date and time a truck arrives at the front desk.  

Visit number: every visit gets a unique number. 

License plate: license plate of the arriving truck. 

Product type: the type of product a truck loads.  

Weight: the weight of a truck when it leaves the terminal. 

Customer: the customer whose order is being loaded. 

Gate-in time: the time a truck enters the gate. 

Time before gate-in/loading/lashing/gate-out: the waiting time before gate-in, loading, lashing, or 

gate-out. 

Start loading/lashing/control: the start time of the task (loading, lashing, or control). When an 

employee begins the task by clicking at a work order on the tablet, the start time is reported. 

End loading/lashing/control: the end time of the task (loading, lashing, or control). The end time is 

reported when an employee ends the task and all products are loaded. 

Time to gate-in/load/lash/control: the time it takes to complete the task (gate-in, loading, lashing, or 

control). It is the end time minus the begin time in minutes.  

Total time: the total time a truck is at the terminal, from arrival until departure. 

Departure time: the time a truck leaves the terminal 

5.3 Arrival pattern 

De Jong (2019) already discovered that there is a varying distribution of arriving trucks during the day. 

The arrival pattern of trucks is plotted again with new data about 2019 and 2020. First, the arrival 

pattern of all products is plotted in Figure 13. The horizontal axis displays the time of arrival in time 

frames of fifteen minutes. The vertical axis shows the relative frequency of all the arrivals. The pattern 

is similar to that of De Jong (2019), shown in Figure 5. However, the peaks are more intense now and 

the new data portrays a more abrupt pattern. Two peaks rise at the terminal: one at 7:00 and one 

between 9:30 and 12:00. After 12:00, the number of visits decreases.  
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The peak at 7:00 is caused by trucks that unloaded their cargo the night before at another terminal 

and arrived empty at the terminal of BDP early in the morning. When a truck reports to the BDP 

terminal after 15:00 and has not made a late registration, the truck must wait until 7:00 the next day. 

Many trucks spend the night at a truck parking area close to the BDP terminal, so they are the first in 

line in the morning. This is another explanation of the peak of arriving trucks at 7:00. After a trough at 

8:00, arrivals increase again around 10:00. This peak can be explained by the fact that a truck unloads 

its cargo in the morning and then reports at the BDP terminal to load products again. The third well-

known peak in the port sector, at 15:00 is not visible in Figure 13. This peak arises because a truck 

driver wants to load his truck at the last minute so it is ready for the next ride.  

 

Figure 13 - Arrival pattern of trucks 

The arrival pattern in Figure 13 represents all product types together. Differences likely occur between 

product types. Peaks per product type are plotted in Figure 14 to distinguish differences. Sheets have 

a peak at 7:00, while the frequency of wire rods is the highest between 10:00 and 12:00. The location 

of the different factories can explain the differences. The difference in arrival pattern may indicate that 

the distribution of employees may need adjustments based on the arrival pattern of the product types. 

More specifically, matching can be made where an employee first loads sheets and then wire rods 

because the peaks differ.  
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Figure 14 - Arrival pattern of trucks per product type 

In addition to relative numbers, the frequency numbers are plotted in Figure 15 to see a more evident 

difference between the product types. In Figure 14, the peaks are visible, but a peak for aluminum can 

be very different from a peak for zinc, caused by quantity differences. It is crucial to interpret the peaks 

correctly. For example, a peak for E.I. can be substantial, meaning that an extra employee is needed, 

while for wire rods, the same team can handle a peak.  

 

Figure 15 - Arrival pattern of trucks per product type actual frequency 
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On average, 31 trucks arrive every day to pick up E.I., which means three trucks per hour. A peak for 

E.I. implies that for instance eleven trucks arrive per hour. E.I. has a high standard deviation, which 

indicates that the data points are spread out over a broad range of values. It is, therefore, tactical to 

combine this product type with a product with a smaller variation to compensate for the fluctuation. 

An overview of the average, standard deviation, and the maximum number of trucks per day is shown 

in Table 2. 

Table 2 - Statistics of trucks per day 

Product type 
Average trucks 
per day 

Standard 
deviation 

Maximum 

Aluminum 2 2.58 11 

Coils 14 6.94 36 

E.I. 31 11.79 73 

PFA 11 4.59 22 
Sheets 5 2.90 13 

Wire rods 3 1.75 9 

Zinc 15 7.09 35 

 

Besides the differences between product types, it is also expected that the peaks differ per day. For 

example, on Mondays, the number of trucks arriving at the terminal is higher than on Fridays or 

Thursdays. Plotting the relative frequency numbers in Figure 16 per day proves little difference 

between the days. One interesting finding is that on Mondays, the frequency of arriving trucks is higher 

at 11:00 than in the afternoon.  

 

Figure 16 - Arrival pattern of trucks per day of the week 
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The frequencies of every product type and the day of the week are shown in Table 3. The percentage 

distribution is 22% on Mondays, 21% on Tuesdays, 20% on Wednesdays, 18% on Thursdays, and 18% 

on Fridays. Peaks are visible per product type at other days of the week. On average, the frequencies 

are higher on Mondays, except for the product type aluminum and PFA. Individual troughs are visible 

on Thursdays and Fridays, for example, for E.I. and wire rods.  

Table 3 - Number of arrivals per product type and day of the week 

Product type Monday Tuesday Wednesday Thursday Friday Total 

Aluminum 93 149 164 113 98 617 

Coils 924 781 985 857 624 4,171 

E.I. 2,048 2,128 1,692 1,606 1,990 9,464 

PFA 661 721 613 480 611 3,086 

Sheets 348 256 264 180 194 1,242 

Wire rods 197 175 160 111 226 869 
Zinc 962 885 1,054 1,051 674 4,626 

Total 5,234 5,095 4,932 4,398 4,417 24,076 

 

The different quarters are plotted in Figure 17 to detect seasonality. The same arrival pattern and 

peaks are observed for every quarter. However, the peaks in the fourth quarter are less high because 

of the lower frequency of trucks. The smaller frequencies in the third and fourth quarter are due to 

the temporary closure of factories in the summer and the closure of end-receivers at the end of the 

year. There is less demand for semi-finished products, so fewer trucks load these products at the BDP 

terminal. BDP is, therefore, sensitive to market conditions. 

 

Figure 17 - Arrival pattern of trucks per quarter 
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5.4 Waiting time 

The second aspect to be analyzed is the waiting time. Waiting times can arise at different moments 

during the process of handling trucks. The process and associated waiting times are shown in Figure 

18. ὡ  signifies the waiting time at the front desk. A significant factor that influences this variable is 

the arrivals of the trucks. As discussed earlier, peaks occur when trucks arrive at the same time, which 

will lead to waiting times at the front desk first. In this research, the arrivals are considered as given, 

as BDP has little control over it. When the truck driver has received its documents and a map of the 

terminal, he drives to the designated area to wait in the queue. The waiting time that arises here is 

also known as the waiting time before handling (ὡ ). When a truck is finished with loading, it is 

assigned to the lashing zone to secure its cargo. The waiting time here (ὡ ) is low since there are 15 

lashing spots and it has a fast turnaround. The waiting time (ὡ ) that arises during the last check is 

also minimal.  

 

Figure 18 - Various waiting times during the process 

The average waiting times have been calculated from the data of the years 2019 and 2020 to expose 

where the bottleneck arises in the waiting process. The averages are given in Figure 18. From these 

numbers, it can be concluded that the waiting time before loading is the highest. BDP must reduce the 

waiting time before loading, and therefore the focus during the data analysis is on ὡ . 

The waiting time before loading consists of the waiting time in the queue, but it also includes the 

driving time to the designated area and the time it takes for an employee to find the right product. 

Inefficient storage could be the reason why searching for the right product takes much time. Usually, 

the day before a product is collected, products are moved to place the right products at the front. 

Nevertheless, sometimes, there is no time for this. Occasionally, it happens that products are stored 

on trailers. It is then necessary to first remove the products from the trailer, which is an extra action 

and takes time. 

The average time a truck must wait before handled is 35.63 minutes, with a standard deviation of 

36.57. A standard deviation of greater magnitude than its mean indicates that the data points are 

spread out over a broad range of values. The outliers are visualized with a boxplot in Figure 19 and 

marked with a red dot. Not many differences are visible between product types, as the center for all 

product types is almost the same. The spread can be explained by the interquartile range, which is 
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about 40. This means that 50% of the trucks wait between 10 and 50 minutes before loading. 

Moreover, the shape is largely right-skewed. Product types that differ most with each other are wire 

rods and zinc. The mean and standard deviation of wire rods is respectively 26.19 and 32.11 minutes 

and of zinc respectively 39.07 and 39.27 minutes.  

 

Figure 19 - Boxplot of the waiting time before loading 

After making a distinction between the different product types, the average waiting time per timeslot 

is calculated and shown in Figure 20. The blue line shows the average waiting time. .5tΩǎ Ǝƻŀƭ is to 

decrease the average waiting time to 30 minutes, a decrease of 15%. Removing the peaks will decrease 

the waiting time. In Figure 20, a line chart annotation layer is added. This green area below the line 

shows all values that are below average and are therefore acceptable. Hence, peaks and troughs are 

clearly visible.  



49 
 

MASTER THESIS SARA BARROS DAS NEVES 

 

 

Figure 20 - Waiting time per timeslot 

The peaks that arise in the arrival pattern of trucks probably influence the waiting time for a truck. 

However, the data seems to contradict expectations. At least for the first peak at 7:00, the waiting 

time for a truck is below average. The waiting time increases at 11:00 because the number of arrivals 

increases again from 9:30. The difference is that the system is empty at 7:00, while at 11:00, there 

could already be a queue in the system of waiting trucks. Moreover, productivity is relatively high at 

the beginning of the day, as employees want to handle incoming trucks immediately. They also 

indicated that when there is a long queue at some point, there is less motivation to get rid of it. 

The peak between 11:00 and 13:00 is also affected by the break employees have around 11:30. The 

lunch break ensures that zero trucks are handled for half an hour. The increase in waiting time at 15:00 

and 16:30 is remarkable. A reason may be less productivity at the end of the day and the switch 

between the day- and afternoon shift. Employees could have little motivation to start a new truck in 

the last fifteen minutes of their dayshift. Another important finding is that the frequency of the arriving 

trucks after 15:00 is much lower than before 15:00. Only 1.9% of all trucks arrive after 15:00. 

Then, a distinction of the waiting time between the product types is visualized in Figure 21. Especially 

the peak after 16:00 of zinc and E.I. is noticeable. Only these product types have the privilege to arrive 

at the terminal after 15:00. There are a few noticeable differences between the product types. For 

example, wire rods have a gradual course and sheets have more to do with peaks and troughs. 
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Figure 21 - Average waiting time per timeslot (per product type)  

When plotting a boxplot of the waiting time per timeslot, differences arise between the morning and 

afternoon shift. The spread of the waiting time between 16:45 and 17:00 is very high, ranging from 25 

to 120 minutes. The employees load the remaining trucks without a thoughtful sequence, which can 

cause a truck to wait for a long time. For other timeslots, for example, 16:30-16:45, the spread is 

minimal. The big differences are due to fewer observations after 15:00. 

 

Figure 22 - Boxplot of the waiting time per timeslot 

  
























































































