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Abstract 

Rail capacity planning and management is becoming a topic of interest around the world. Rail 

companies are now researching ways to increase capacity and are therefore investing resources 

in architecture expansion, which may result in high capital costs. There has been a lack of 

research and resources invested in optimising existing capacity, which could save these extra 

costs.  

Using the Natal Corridor (NatCor) as a case study, this research analyses the capacity on the 

rail line and the effects that optimisation of the line will have on the Durban Container Terminal 

(DCT). The research investigates the current state of NatCor as a train timetabling problem 

(TTP). A mathematical model is proposed using mixed integer linear programming (MILP) in 

order to optimise the line. The TTP is then converted into an equivalent vehicle routing problem 

with time windows (VRPTW). Current schedules of the NatCor are used as an input to the 

model and the model is solved using Python and MS Excel Open Solver. The initial feasible 

solution is improved using the Tabu Search (TS) algorithm.  

The results suggest that frequent updates to company data will help keep the train timetables 

clear of any cancelled trains, which take up capacity on the line. The MILP models provided 

an optimal maximum travel time that trains could incur on the line without causing any further 

delays to operations at the DCT. The models will contribute to future research on similar topics 

and can be further developed to model large rail networks. 
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1. Introduction 

1.1    Research background 

Railroads have become an attractive transportation mode with a variety of applications such as 

large freight and passenger transportation. The freight includes commodities such as iron ore, 

coal, motor vehicles, bulk products and manganese ore. As the world becomes more aware of  

various issues affecting the environment, such as increased air pollution, road traffic congestion 

and global warming, the attraction of rail transportation has increased. This is because trains 

have become a popular alternative to road transportation given that such transport avoids being 

stuck in road traffic. Trains are more environmentally friendly and can receive power through 

alternative energy sources such as electricity and, most recently, solar energy.  

The increased popularity of rail has led to rail line and yard capacity planning becoming an area 

of interest for rail companies across the world. The main goal for transport freight rail is to 

attract the maximum number of customers. As rail transportation demand increases, the traffic 

load (cargo being transported) increases, causing the rail line (running train tracks that form a 

route between two points) and the rail yard (where trains are stored, loaded, unloaded, shunted 

and assembled) capacities to become insufficient. This insufficiency has prompted companies 

to research ways to increase capacity.  

‘Capacity’ has several different definitions. The term is sometimes associated with a weight or 

measurement depending on different techniques and objectives. Examples of the definition of 

capacity are that capacity indicates: 

• ‘‘a measure of the ability to move a specific amount of traffic over a defined rail corridor 

in the U.S. rail environment with a given set of resources under a specific service plan, 

known as level of service (LOS)’’ (Barkan & Lai, 2005).  

•  “The count of valid train paths over a fixed time horizon within an optimal master 

schedule” (Harrod, 2009). 
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• “The maximum number of trains that may be operated using a defined part of the 

infrastructure at the same time as a theoretical limiting value is not reached in practice” 

(Hansen & Pachl, 2008). 

• “The number of trains that will cause the system to lock up” (Kieran, 2001). 

• “the level of traffic (i.e. number of trains per day) that a rail line can accept without 

exceeding a specified limit of queuing time” (Peat Marwick and Partners, 1977).  

• “The ability of the carrier to supply as required the necessary services within acceptable 

service levels and costs to meet the present and projected demand” (Kahan, 1979). 

In this research, capacity is defined as the maximum number of trains running on the rail line 

within a 24-hour time window. This definition is a combination of the Hansen and Pachl (2008) 

and Peat Marwick and Partners (1977) definition. This definition is based on the available train 

slots per day and these are unique for every line or corridor. 

Transnet SOC Ltd, is a South African state-owned bulk freight transport and logistics company. 

Transnet comprises of rail, ports, engineering, terminals and pipeline businesses. The company 

has noted Transnet Freight Rail (TFR) as its largest Operating Division (OD). According to 

Transnet Freight Rail (2021), the OD provides rail network infrastructure and controls rail 

services over major rail corridors. These corridors are used to transport different commodities 

for export, and local markets. TFR manages and maintains a complex rail network which 

extends across South Africa. The network is made up of approximately 31000 track kilometres 

(20911 route kilometres) over which commodities are hauled by locomotives in wagons 

specifically suited to the commodity type. The rail network is diverse and consists of 

approximately 1500 km heavy-haul lines. The network also consists of 3928 km of branch lines 

that serve as feeders to main lines. The TFR network is illustrated in Figure 1. 
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Figure 1: Transnet freight rail network (Transnet Freight Rail, 2021). 

TFR has applied the Corridor Operating Model as a response to fast changing business, market 

and policy environments. The operating model was implemented to improve the company’s 

performance and competitiveness. This model was created to improve decision-making, 

responsiveness to customer needs and integrated problem solving, the latter being one of the 

company’s major challenges. Each corridor in the model is managed by an executive. 

Additionally, the model highlights the close alignment of freight rail corridors with port 

terminals and the company ceased this as an opportunity to improve operational connections 

and to free up capacity for growth of volumes on rail (Transnet Freight Rail, 2021). The 

corridors and ports are shown in Figure 2. 
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Figure 2: The TFR corridor operating model (Transnet Freight Rail, 2021). 

The company has stated that most of the freight rail demand comes from the Gauteng area. 

Figure 3 illustrates the concentration of economic centres in South Africa, as well as the 

movement of cargo from main metropolitan areas to areas with limited access to services. From 

Figure 3, the two major metropolitan areas experiencing these constraints are Gauteng and 

KwaZulu Natal. These metropolitan areas are connected by the Natal Corridor (NatCor).  
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Figure 3: A map of major freight demand areas (Presidential Infrastructure 

Coordination Commission, 2013). 

The NatCor line is a railway line running from Rietvallei, Gauteng, to Durban Container 

Terminal (DCT) in KwaZulu Natal – as illustrated in Figure 4. In the Long-Term Planning 

Framework (LTPF), the company forecasts an increase in demand for container trains (Transnet 

SOC Ltd, 2016). These trains take up more than 50% of the capacity on the NatCor line.  The 

LTPF discusses how investing in current infrastructure and expanding on it can, in the long 

run, increase capacity on the NatCor line, which will make it possible for the company to 

increase the number of trains that can run on the line in order to meet increasing demand 

(Transnet SOC Ltd, 2016).
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Figure 4: A map of the NatCor line (Transnet, 2016). 

The Natal Corridor is approximately 688 km long (718 km if the yards are included). It is a 

double-track line, with train movement controlled by colour-light signalling from four central 

traffic control centres (CTC) in Durban, Ladysmith, Newcastle and Standerton. These are then 

connected to and monitored by the Operational Control Centre (OCC), which will be replaced 

by a National Command Centre (NCC) in the next five years (Transnet, 2019).  

The trains move at an average speed of 50–80 km/h (50 km/h being for the longer trains). The 

longest train running on the line is 105 wagons, while the shortest is 40 wagons. The headway 

for 40 to 65 wagon trains is currently 20 minutes and 30 minutes for the 75–105 wagon trains. 

Some trains join the NatCor from other rail networks. This is shown by the feeder lines in 

Figure 5 (Transnet, 2019).
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Figure 5: A map of the NatCor to show feeder lines (Transnet, 2019). 
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When wanting to increase capacity to meet client demands, rail operators find it easier to add 

another rail line that runs between two towns or cities, to add a track on the existing rail line, 

or to create more space at the yards essentially only looking at the infrastructure. This can be 

very expensive and the lack of available vacant land for the creation of space may be a huge 

constraint. Ideally, freight companies prefer to load trains on the existing lines with minimum 

investment cost. Other more cost-effective options may include optimisation of personnel use 

by assigning staff to tasks, optimisation equipment usage, and optimisation of operations and 

maintenance costs (Hansen, 2010). Luethi et al. (2007) suggested that production-based 

strategies need to be developed to increase capacity on the railway line. Landex (2009) 

countered this, suggesting that railway line capacity depends on infrastructure usage, timetables 

and rolling stock usage.  

However, because capacity differs for different types of trains (depending on the length of the 

train and the commodity being carried) and the sequential order they run in, this research 

performed an analysis using mathematical modelling to determine the impacts of different train 

types (in wagon numbers) on the railway line and rail yard. It examined the NatCor and the 

effects that train delays on this line have on the DCT. Different commodities are transported 

on the line, requiring different types of rolling stock of different lengths. This research therefore 

also considered different methodologies, including using real data from the NatCor line to 

analyse how different factors influence available capacity and train delays, and how these will 

affect DCT operations.  

The DCT is South Africa’s biggest container terminal. As with the NatCor line, the increase in 

container throughput volumes has put some pressure on the DCT. Figure 6 illustrates the 

current layout of the Durban port and the location of the DCT piers 1 and 2, which are the 

container terminals, and Salisbury Island, which is the naval base. 
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Figure 6: An aerial photo of the DCT (Tristan, 2015). 

Not only is it currently congested, it has also reached maximum capacity in terms of the number 

of containers it can accommodate and is struggling to keep up with the market. There is also 

only one shunting machine working at the terminal, which creates delays in the turnaround 

time for container trains. 

According to the Transnet SOC Ltd (2016), the DCT can no longer accommodate the arrivals 

and storing of container trains arriving at the yard from the NatCor. Over the years, the DCT 

has housed container trains, including those that have been discontinued and empty containers. 

The company has listed the berth capacity and container stacking yard capacity as the most 

critical constraints to capacity at the DCT. Container crane, road and rail terminal capacity are 

identified as potential factors that can help decrease the current congestion. These capacity 

constraints are illustrated in Figure 7. 

Figure 7 depicts the congestion of the DCT and confirms that overcrowding at the DCT is not 

only for trains but also for road vehicles awaiting cargo. This too, has contributed to turnaround 

times for trains being too long – causing more delays on the NatCor line. Shunting, loading 

and off-loading of trains at the DCT is then subsequently delayed which in turn increases train 

dwell times, causing even further delays on the corridor, thus affecting the entire rail network. 
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Figure 7: The DCT capacity constraints (Transnet SOC Ltd, 2016). 

 

.
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The company has been searching for possible solutions to this problem, including plans to 

expand the infrastructure at the stacking yards and expand the berth capacity to increase  overall 

capacity at the DCT. This desired increase in infrastructure also included a discussion about 

using a dry port at a different location for excess containers that cannot be accommodated at 

the DCT (Scholtz, 2017). 

The research presents the NatCor line as a real-life case study. Mathematical modelling and 

optimisation techniques were used to estimate capacities. The NatCor line was modelled as a 

train timetabling problem (TTP) and was formulated as a mixed integer linear programming 

(MILP) model to help achieve the goal of capacity optimisation. This was done without 

expanding or making any infrastructure changes, and therefore minimising cost using 

scheduling tools to analyse influences of delays and inter alia traffic density to give an in-depth 

understanding of railway operations on the line. The TTP was translated into an equivalent 

vehicle routing problem with time windows (VRPTW) to determine an initial solution for 

optimising capacity on the line. 

1.2    Problem statement 

Different commodities with different train lengths run on the rail lines to reach the port. On the 

NatCor line from and to Durban, container trains (running 50 wagon trains) take up more than 

50% of the capacity. The LTPF recorded a 35-year demand plan, which shows that container 

train lengths will increase to 75 wagons in the next five years. Increasing the number of wagons 

will require longer headways (the time span between two consecutive trains), which will add 

to the delays experienced on the line. Transnet’s biggest constraint has been that the NatCor 

line is currently already congested. This has made it impossible to increase the number of 

wagons and to run longer container trains. 

At the DCT, loading and shunting of trains takes too long and has proven to be a major 

constraint. This has led to delays, overcrowding and congestion. A mathematical model of the 

line needs to be formulated to determine how to optimise the schedules. 
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1.3    Critical research question 

How can MILP can be used to model and optimise the capacity for the NatCor line to reduce 

the delays on the NatCor line? 

1.4    Objectives 

The main objectives of this research are to: 

1. Formulate the capacity problem at the NatCor as MILP mathematical models. This 

formulation helped with the analysis of the corridor and can be used to estimate optimal 

capacity.  

2. Estimate the optimal capacity of the NatCor by using the branch-and-cut method 

through the COIN-OR branch and cut (CBC) algorithm to solve the formulated MILP 

models. 

3. Attempt to find a better estimate of the objective function by using metaheuristic 

methods. 

4. Analyse and compare the results with the performance of the line from previous years. 

5. Determine the effects that the results may have on the DCT at a high-level. This will 

help with recommending future research on the NatCor line and the DCT. 

1.5    Importance of the study 

There is currently limited research done on capacity optimisation using mathematical 

programming in South Africa. To the researcher’s knowledge, simultaneous investigations of 

the lines and effects on yards have never been done. Previous research looked at expanding 

infrastructure and increasing capacity without considering other options, such as operations 

efficiency and scheduling. These alternative options may in the long run deliver cost-savings 

and improve infrastructure efficiencies. This research highlights why looking at these options 

helps with making an informed decision on where to invest resources. 

Another benefit is that the proposed model can be used as a template to help rail companies 

find optimal ways to meet forecasted demand increases. It can also be used to ensure more 

effective capacity management. Furthermore, the model can be used to determine which 
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parameters, such as infrastructure and timetables, affect capacity. Dingler et al. (2009) 

highlighted that being able to identify these significant parameters would help companies 

maximise the use of their assets, while trying to provide sufficient network capacity to 

accommodate future demand at the desired service level.  

The data collected for the MILP models was used to study the effects that any changes to the 

performance of the rail line would, theoretically, have on the DCT rail yard. It was therefore 

important to understand what happened on the NatCor line and the DCT. It was also important 

to collect data and to analyse the NatCor line and the DCT simultaneously, to ensure that the 

correct data and assumptions were used, and to validate the accuracy of the data.  

1.6    Delimitations and limitations 

The case study covered the NatCor line and the effects that the study would have on the DCT. 

The data of other lines and yards would have clouded the focus of the study and it was therefore 

left out of the scope of the research – given the time constraints. Investigation of the Durban 

port was limited to the DCT and the research focused on rail activities that could affect the 

DCT exclusively.  

Of note is that the research was conducted on the existing infrastructure, as the goal was to 

optimise the use of capacity with the current infrastructure in place. This was done to 

investigate whether the current infrastructure is sufficient and whether use of resources is 

efficient. 

The study used real company data. Some information was aggregated or left out as it was 

deemed confidential and detailed company data could not always be revealed. The exclusion 

of the data did not affect the accuracy of the models and the data accuracy. 

The data provided had the following limitations: 

• There were inconsistencies in the data provided by the operations and scheduling 

departments of the company. 

• The schedule had trains that were no longer being used and the list of trains in use 

included some that were not slotted into the provided schedule. 

• Some trains on the schedule and its associated timetable were duplicated. 
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It was therefore clear that a cleaning up process was needed to perform a sanity check of the 

data – to ensure accuracy. This process is explained in more detail in Chapter 3. 
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2. Literature review 

This chapter reviews how line capacity can be optimised using MILP mathematical modelling 

and optimisation methods. It begins with a brief explanation of what operations research (OR) 

is and explains the different OR optimisation methods relevant to this dissertation. It also 

investigates different parameters that influence rail capacity and how to analyse these using 

optimisation methods. This is followed by a summary of the findings from the literature. The 

chapter closes by introducing different problem structures in MILP. 

2.1    Operations research methods 

Ramamurthy (2007) described OR as a branch of mathematics used to take timely and effective 

decisions for management problems. It uses logical analysis and analytical techniques to study 

the behaviour of systems in relation to the overall working considering any operational and 

functional constraints – alternative decisions are then derived.  

Ramemurthy added that OR is a quantitative technique to problem solving that originated 

during World War II. It consists of optimisation methods such as mixed integer linear 

programming (MILP), linear programming (LP) and integer programming (IP). These are all 

used to provide scientific evidence in the decision-making process, with various company parts 

all working together to obtain optimal decisions. Monks (2015) agreed with this definition and 

added that OR uses models that can be quantitative and qualitative in order to help with 

decision-making processes for complex implementation problems. 

According to Hillier and Lieberman (2010), the origin of OR can be traced back to military 

services where scientists were asked to do research on military operations. This was done 

because of the urgent need to allocate effectively limited resources to different operations and 

different activities within these operations. The success of this research sparked interest in the 

subject which led to the growth of OR, and progress was made in improving the techniques 

that existed at the time.  

Over time, OR methods were adapted in different fields and today it is used in healthcare, 

banking and retail. This has led to it becoming an inter-disciplinary discipline with tools taken 
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from fields such as statistics, economics, engineering, mathematics and psychology to create a 

new set of knowledge in decision-making (Taha, 2017). 

2.1.1 Linear programming 

Winston (2004) formally defined a linear programming (LP) problem as “an optimization 

problem for which we attempt to maximize or minimize an objective function, and this is the 

linear function of the decision variables”. Sharma (1989) elaborated that decision variable 

values need to adhere to the constraints set for the problem. Because the problem is an LP, each 

constraint has to represent a linear relationship in the form of an equation or inequality. Both 

Winston (2004) and Sharma (1989) stated that each variable has a sign restriction. For a 

variable 𝑎𝑖, the sign restraint specifies that 𝑎𝑖  must be greater than zero (𝑎𝑖  ≥ 0), meaning it 

is non-negative or the sign of the variable can be unrestricted shown with an unrestricted sign 

(URS). 

Todd (2002) explained that linear programming is the study of the optimisation of a linear 

function. This optimisation is over a viable set governed by constraints in the form of 

inequalities. Todd called the problem insignificant, since it is only necessary to examine a 

limited number of vertices and possibly edges.  

Most authors, including those cited above, state that LP is used most frequently in problems 

where limited resources are allocated among activities in an optimal way. However, Sharma 

(1989) noted that the allocation of resources is not the only application for LP. There are 

numerous applications for LP and any problem that can be mathematically modelled as a LP is 

considered as such. LP models with two variables are the easiest to solve. The solutions can be 

obtained graphically using an iso-profit line to find an optimum (ideal solution), from which 

can be derived an infinite number of solutions (Hillier and Lieberman, 2010). 

2.1.2 Integer programming 

Integer programming (IP) is a growing area of optimisation that is applied currently in many 

human industries because of high quality software. IP was developed over numerous decades 

and is still fast evolving (Conforti et al., 2014). 



17 

 

Wolsey (1998) stated that IP is a solution-seeking methodology for optimisation problems 

where only integer variables and binary variables (called axillary variables representing inter 

alia yes or no decisions) are present. Such problems arise in all sectors, whether, for example, 

developing a planning of work schedule for a production line, train or aircraft timetables, 

scheduling a maintenance team, or planning national or regional daily or weekly production of 

electricity. 

Eck (1979) added that IP models are almost identical to LP models. The models differ at best 

at the level where in IP models all the decision variables take on integer (whole number) values. 

Although the integer specification is an apparently light alteration from LP, it stretches the 

capacity to model and resolve key real-world problems.  

According to Winston (2004), although IP models are similar to LP models, IP models are 

harder to solve. Therefore, an algorithm like the simplex algorithm would not be enough to 

give an optimal solution. Solution methods for IP and other complex mathematical models are 

discussed in section 2.1.3 

Hillier and Lieberman. (2010) stated that the reason that IP models are more difficult to solve 

than LP models is that for LP models non-integer values are permissible for decision variables. 

In practice, however, decision variables make more sense if they are integer. The author gives 

examples such as assignment problems where workers are allocated to machines or vehicles 

assigned for certain tasks or activities. 

2.1.3 Mixed integer linear programming (MILP) 

Chinneck (2015) stated that a MILP problem results when it is possible that some of the 

variables in an IP model have real values. This means that they can be fractions while others 

are integers. This makes the model mixed. In practice, IP problems are often encompassed and 

referred to under the more general MILP problem definition. 

Smith and Taskin (2007) wrote a tutorial guide for MILP and stated: “Mixed-integer 

programming is a subset of the broader field of mathematical programming.” These 

mathematical modelling formulations include variable sets, which denote permitted actions in 

the system being modelled. The functions of variables are called objective functions. The 

objective function records each feasible set of options into a single value that assesses the 
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solution quality, which can be optimised through maximisation or minimisation. Richards and 

How (2005) added that MILP models provide a “general framework for capturing problems 

with both discrete decisions and continuous variables”. These problems include assignment, 

scheduling and transportation problems. 

2.1.4 Mixed integer non-linear programming 

Fernandes et al. (2009) wrote that many optimisation problems include integer variables and   

continuous variables that can only be modelled using a non-linear objective function, and 

therefore becoming mixed integer non-linear programming (MINLP) problems. This has led 

to a large range of applications, especially in a few planning and design areas.  

Belotti et al. (2012) agreed with the engineering theory and added that numerous optimal choice 

problems in logical, designing and open division applications include both discrete choices and 

non-linear framework flow and system changes that influence the standard of the ultimate plan 

or design. These problems in decision-making may lead to MINLP problems that merge the 

combinatorial challenges of optimisation over discrete sets of variables with the difficulty of 

dealing with non-linear objective functions.  

Bussieck (2003) stated that MINLP has recently experienced tremendous growth and a flourish 

of research activity. In this research, a brief overview of past developments in MINLP are 

provided. The work also discusses some of the future work that can foster the development of 

MINLP in general and, particularly, robust solver technology for the practical solution of 

problems. 

The outer approximation method was part of the early MINLP solution methods used to solve 

these types of problems by breaking them down them into an arrangement of MILP problems 

and non-linear programming problems. Other algorithms, however, use another approach. An 

example is the extended cutting plane (α-ECP) algorithm. This algorithm only solves a set of 

MILP problems, rather than solving a set of MILP and non-linear problems (Westerlund & 

Petterson, 1995). 
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2.1.5 Goal programming 

Deb (1999) defined goal programming (GP) as a technique often used in the field of 

engineering and planning of activities, most importantly to obtain a compromised solution. 

This technique aims to define and simultaneously satisfy several design goals. Deb explains 

that to solve GP problems, classical methods are applied to reduce the multi-objective goal 

programming problem into one objective, which consists of minimising a weighted sum of 

deviations from goals. 

Iyengar and Srivatsava (2000) compared LP models and linear GP models. They noted that LP 

models have a single objective and linear GP models have numerous objectives. They added 

that both types of models have many suppositions in common. For example, how proportional, 

divisible, additive and deterministic the models’ coefficients are. The similarities between the 

two modelling techniques make LP model construction studies a reference point when 

addressing modelling.  

Sen and Nandi (2012) also noted the commonalities between GP and LP, calling GP an 

extension of LP that is used to optimise multiple objectives or goals. They formulated a GP 

model for a rubber production plant. The model consists of six goals in order of importance: 

maximise rubber tree survival, minimise expenditure, minimise number of paid workers, 

maximise the number of unpaid workers, minimise the quantity of chemical fertilizer, and 

maximise the quantity of bio-fertiliser. 

2.1.6 NP, NP-complete and NP-hard combinatorial problems 

Brucker (1979) described non-deterministic polynomial (NP) problems as discrete 

optimisation problems with a high level of complexity. These are typically problems like the 

TSP, quadratic assignment problems, and the knapsack problem. For these problems, a 

polynomial time algorithm can be used to verify a solution, but to date no polynomial bounded 

algorithms have been found to solve these highly complex problems and therefore heuristics 

or approximation algorithms are used to solve them. 

Kokash (2005) wrote that NP problems as a class consist of two subclasses of problems 

including NP complete and NP-hard problems. It is unclear whether polynomial algorithms are 

available to find a solution to the problems. The NP class of problems is those problems whose 
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solutions may be found on non-deterministic Turing machines in polynomial time. The NP-

hard subclass of problems is understood to be a complex class of problems where heuristic and 

metaheuristic techniques are used to find a solution for the problems. The NP-complete 

subclass comprises problems where none are known to have a polynomial time algorithm, but 

if one does exist for any of the problems then it can be converted to polynomial time algorithms 

to solve all other NP problems. 

Garey and Johnson (1979) described NP-complete problems as a class of problems with no 

known deterministic algorithmic solution. The authors added: “any known algorithms for 

solving these problems have the property that as the problem size increases, the number of 

steps necessary to solve the problem increases exponentially.” 

Tindell et al. (1992) developed a real-time task allocation model for a distributed real-time 

system. In their research, they determined that that there were 𝑃𝑇 ways to allocate 𝑇 tasks to 𝑃 

processors. This led them to classify the problem as NP as it could not be solved with simple 

solution techniques. An algorithm called the simulated annealing algorithm was then developed 

to find a solution to the task allocation problem. The algorithm is discussed in detail in section 

2.2.3. 

Juan et al. (2015) wrote that many real-world combinatorial optimisation problems in logistics, 

healthcare, transportation, telecommunications and production are either NP-complete or NP-

hard. These are usually largely scaled problems and require solutions in a short amount of 

computation time. This computation is often achieved through heuristic and metaheuristics. 

The author described a methodology which is an extension of metaheuristics through 

simulation called to solve real-world NP problems. 

Dai et al. (2017) added that good approximations obtained from heuristics for NP-hard 

problems often require a trial-and-error approach. The authors developed a framework based 

on embedding graphs and reinforcement through repetition. Their method used the greedy 

algorithm to determine a solution and the result is then obtained through the graph-embedding 

algorithm which captures the current state of the solution. This method was applied to obtain a 

solution to the TSP. 

Esfahbod (2007) created the Euler diagram in Figure 8 to illustrate the classification of 

Polynomial-time (P), NP, NP-complete and NP-hard set of problems. From the diagram, it can 
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be deduced that the more complex a problem becomes, the more it rises to NP-hardness levels. 

The author explained that the left side of the diagram is valid under the assumption that P≠NP, 

while the right side of the diagram is valid under the assumption that P=NP with the exception 

that the empty language and its complement are never NP-complete. 

 

Figure 8: Euler diagram (Esfahbod, 2007). 

 

2.2    Solution techniques for combinatorial problems 

In this section, the literature on methods to find solutions to combinatorial problems is 

reviewed. The techniques are used for problems ranging from simple models which can be 

solved using techniques identified in the exact method section, to complex NP problems that 

can only be solved using techniques identified in heuristics and metaheuristics. 

2.2.1 Exact methods 

Rothlauf (2011) defined exact methods as optimisation strategies that ensure finding an ideal 

or optimal solution. Rothlauf added that these are usually the technique of choice if they can 
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solve an optimisation problem with exertion that develops polynomially with the size of the 

problem. 

a) Simplex algorithm 

Dantzig and Thapa (1947) developed an algorithm called the simplex method to solve LP 

models. Hillier and Lieberman (2010) defined the simplex method as a general procedure for 

solving LP models. Martinich (1997) wrote that most real-life problems are however extremely 

complex and have too many variables to solve using the Simplex algorithm. The simplex 

algorithm can be programmed using computer tools such as Excel, QR and LINGO – to name 

a few 

The simplex method examines the extremums in the viable solution space (known as the 

feasible region) in an orderly manner, going over a duplication of steps of the algorithm until 

the best solution is found. This is why it is also called the iterative method. The simplex method 

examines these corner points using matrix row operations, until an optimal solution is found 

(Žilinskas, 2006). 

Reeb and Leavengood (1998) noted the simplex algorithm as being the most widely recognised 

method for resolving large LP problems, where “simplex” is a term in mathematics defined as 

follows: In one dimensional space, a simplex is a line fragment interfacing two focuses. In two-

dimensional space, a simplex is in triangular form and is framed by joining the points. In three-

dimensional space, the simplex is a pyramid with four sides and corners. The fundamental ideas 

are geometrical. However, the resulting algorithm to find the solution is an algebraic process.  

The simplex method finds the best optimal point of the solution space to determine the solution 

to the LP problem. The optimal solution to LP problems must be a corner, despite there being 

many or other good solutions. The starting point for the simplex is usually the idle corner 

(where all variables are equal to zero). The algorithm then moves to the corner adjacent to the 

starting point, which best improves the solution. This is repeated iteratively, and each time the 

greatest feasible improvement is made. When there are no more points of improvement left, 

the best corner corresponds to the optimum for the LP problem (Winston, 2004). 

Pan and Pan (2000) explained the simplex method as a Gaussian elimination technique where 

the coefficients of the linear system are collected in an augmented matrix for systems of linear 
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equations. The authors first defined the basis as a “square non-singular sub-matrix from the 

coefficient matrix. The order of the basis is equal to the number of rows of the coefficient 

matrix”. Some basic variables should have zero values. This is because the number of columns 

for the basis is set to a constant value n. This is a result of the right-hand side belonging to a 

subsection of the space for the range of the basis. Pan and Pan summarised the main idea behind 

the simplex method as being that the preceding matrix will be modified continually by pre-

multiplying it by Gauss row operations until the matrix is optimal. 

Swietanowski (1995) discussed new advances in the application of the simplex algorithm for 

LP. The author explained that the method “decouples” an idea of the basic solution to the 

simplex into two individual parts: a basis and a solution. This rule is what makes the possibility 

of incorporating new strategies into the algorithm possible. This occurs because the iterations 

do not necessarily have to be the corners of the simplex. Furthermore, it was stated that the 

advantage of approaching the simplex this way was the possible chance of stepping along paths 

that are not edges of the simplex. 

b) Branch and bound  

Taha (2017) wrote that Land and Doig formulated the first branch and bound (B&B) algorithm 

in 1960 for MILP and pure IP problems. Five years later, E. Balas formulated the additive 

algorithm to find solutions for Ips with variables that take on binary values. The additive 

algorithm was initially praised as being a great breakthrough in solving the general IP because 

its calculations were very simple (mainly adding and subtracting). Sadly, it was unsuccessful 

when it came to producing wanted computational advantages. Furthermore, the algorithm at 

first seemed to have no relation to the B&B method but was proven to be another version of 

the Land and Doig algorithm which had been developed five years prior to its development 

(Taha, 2017).  

Winston (2004) stated that most IP problems are solvable through use of the B&B algorithm. 

The technique determines the optimal IP solution by creating a numbered list of the points in a 

sub-problem’s feasible region. Mitten (1970) agreed, calling the B&B method a technique that 

is especially well known for its application to IP problems. Mitten added that the basic concept 

of the B&B method is to divide and conquer. The primary problem is broken down into small 

sub-problems that can be evaluated and eliminated as not containing potential optimal solutions 

easily until these sub-problems can be solved to find an optimum (i.e., conquered). The 
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branching is done by parting the whole set of feasible solutions into small subsets. A bounding 

process to evaluate the feasibility level of the best solution within the subset follows the 

branching and then disregards the subsets if it is where the bound indicates the subset cannot 

have an optimal solution for the original problem. 

He et al. (2014) agreed that the B&B method is a classic optimisation method for combinatorial 

problems, including MILP and MINLP problems, structured prediction and maximum a 

posteriori (MAP) inference. The authors added that while most research has been based on 

formulating “problem-specific” methods, there is not much knowledge on how to effectively 

design a strategy to search for nodes on a B&B tree. 

i) Branch-and-cut 

There are other versions of the B&B algorithm namely the branch-and-cut algorithm. Elf et al. 

(2001) noted that the branch-and-cut algorithms are part of the most effective techniques to 

solve MILP and other combinatorial problems for optimality. Mitchell (2002) agreed and added 

that branch-and-cut algorithms are very effective methods for finding solutions to a wide range 

of IP problems, and can also ensure optimality. The author described how the branch-and-cut 

method could be formulated for a distinct IP problem. 

Tahernejad et al. (2020) developed an algorithmic framework to find solutions to mixed integer 

bi-level linear programming problems (MIBLPs) by through usage of a generalised branch-

and-cut technique. The scheme the authors introduced blends characteristics from current 

algorithms (for regular MILP optimisation and MIBLPs) with advanced methods – therefore 

producing an adjustable and robust framework with an ability to solve an assortment of bi-level 

optimisation problems. 

Bard et al. (1998) used the branch-and-cut technique to solve a MILP model for the VRP. The 

branch-and-cut method consisted of eight steps. The first step was to obtain an upper bound for 

the objective function, and then to solve the LP relaxation in step 2. Step 3 was an optimality 

check (if optimality steps 4–7 could be skipped). Step 4 was for finding an improved upper 

bound, and step 5 fixed the binary variables. Step 6 was to determine the solution to the 

separation problem and to generate valid inequalities, while step 7 creates a new node by using 

the branch-and-bound logic. The final step ensures that no sparse variables are fixed at zero. 
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c) Dynamic programming  

Bellman and Kalaba (1957) described dynamic programming (DP) as the mathematical theory 

of multi-stage decision processes. Sklenar (2017), in contrast, called DP a general principle 

rather than an optimisation method. Sklenar explains that DP is an optimisation method focused 

on breaking complex combinatorial problems down to an arrangement of easier problems in a 

way where solving the easier problems needs less time than solving the original complex 

problem. Eddy (2004) agreed and added that DP algorithms are a great place to begin 

understanding what really goes on inside computational biology software. The core for many 

popular programs is a DP technique or a fast estimation of one, including sequence database 

investigation programs. 

Giegerich et al. (2004) introduced an algebraic style to DP over sequencing data. They called 

DP a classical programming method, which can be applied to a variety of domains such as 

operations research, stochastic systems analysis, flow problems combinatorial discrete 

structures, and to dissect and resolve ambiguous languages. 

2.2.2 Heuristics 

Dale (2015) defined a heuristic as “a word from the Greek meaning ‘to discover’”. The author 

stated that it could be considered a technique to problem-solving that considers one’s personal 

experience. This means that every heuristic is unique to the model it is trying to solve. 

Gigerenzer and Gaissmaier. (2011) added to the definition of heuristics by writing that, 

“heuristics are efficient cognitive processes, conscious or unconscious, that ignore part of the 

information.” Because of the partial ignorance of certain information, using heuristics saves 

effort, but it can end up causing more errors than logical decision-making, which is conditioned 

using logic mathematical and/or statistical models. Hillier and Lieberman (2010) agreed with 

Gigerenzer and Gaissmaier (2011) and stated that heuristic methods are processes that are 

likely to produce “a very good feasible solution, but not necessarily an optimal solution, for 

the specific problem being considered”. This means that it is unclear how good (or bad) the 

obtained solution is. Hillier and Lieberman (2010) added that well-developed heuristic methods 

can usually lead to a nearly optimal solution (or end in no existing solutions for the problem). 

This was similar to the theory of Dale (2015) that heuristics are often used to develop strategies 

which scan a limited number of alternative options.  
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Heuristics are used to estimate and find solutions deemed as “good enough”. These solutions 

are usually for difficult NP-hard and NP-complete problems that alternatively cannot be 

determined by exact solution-finding techniques. Heuristics are direct search methods which 

use favourable approximation to determine better solutions. Heuristics have an upper hand in 

finding (good) results fast. The drawback is that the standard of the result (compared to the 

optimum) is usually not known until the optimal solution is found with certainty (Taha, 2017). 

Choosing which heuristic method to apply depends on several factors. These factors include 

knowledge of whether the solution space is operational, tactical or strategic. Heuristic choices 

also depend on how analytically qualified the decision-maker is, the problem size, how frequent 

a calculation decision needs to be made, the available development time, and finally on whether 

significant stochastic elements are absent or present (Silver, 2004). 

i. Variable neighbourhood search 

Sevkli and Aydin (2006) named the variable neighbourhood search (VNS) as being among the 

latest heuristics used to find solutions for problems where a systemic neighbourhood alteration 

within a local search is done. Hansen et al. (2009) agreed and added that the VNS is based on 

systemic changes in neighbourhoods in order to find a local minimum.  

Hansen et al. (2010) described the VNS as a framework based on neighbourhood changes for 

building heuristics to determine a local minimum. The aim of the VNS is to solve NP problems. 

The authors further stated that the VNS relies on local minimums from different 

neighbourhoods not necessarily being equal. The global minimum is then the smallest value 

from the set of local minimums. The authors stated that the VNS could be applied to the 

knapsack, MILP, scheduling, TSP and timetabling problems. 

Abdullah et al. (2005) applied the VNS to a university timetabling problem. The objective of 

the model was to assign lectures to a time slot and room. The heuristic was based on a 

random-descent local search. The pseudocode for the algorithm is found in Figure 9, where 

𝑛𝑘 is a predefined set of neighbourhoods. The local search begins by generating a solution s’ 

from the 𝑘𝑡ℎ neighbourhood until an optima s is obtained. The VNS was tested over 11 data 

sets and the results were favourable. 
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Figure 9: Pseudocode for a VNS for a course timetabling problem (Abdullah et al., 

2005). 

2.2.3 Metaheuristics 

A metaheuristic is defined as a general solution technique providing a basic composition, as 

well as strategy principles for formulating a heuristic algorithm to fit a specified problem type. 

Metaheuristics have evolved into a prominent technique in the list of optimisation tools for OR 

professionals (Hillier and Lieberman, 2010). Yang (2011) wrote that the “meta” in 

metaheuristics indicates a higher level and goes beyond the solution finding by traditional 

heuristics. This means metaheuristics are considered to be far better performers than simple 

heuristics. 

Osman and Laporte (1996) wrote that metaheuristics comprises methods such as natural 

evolutionary computation, constraint programming, greedy algorithm, tabu search, neural 

networks, simulated annealing, non-monotonic searches, searching of space methods, and their 

combinations. Sörensen et al. (2018) agreed and added that a metaheuristic is an advanced 

algorithmic plan which is independent of problems. It provides a set of principles or policies 

to help develop heuristic algorithms in optimisations. The authors noted that metaheuristics 
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include techniques such as tabu search, genetic algorithms, simulated annealing, and ant colony 

optimisation techniques; however, many more algorithms exist. 

Metaheuristics are fundamentally designed to break free from being trapped at local optimal 

points by allowing lower moves where necessary. There is hope for the added flexibility of the 

search to generate better solutions. Stopping a metaheuristic can be based on a prescribed rule 

such as assigning a limit to the number of search iterations. This is different to the greedy 

algorithm which always stops immediately after reaching a local optimal point. Other 

termination rules can be when the neighbourhood of the current search point is empty and 

cannot generate a new viable search move when the current best solution is of good quality or 

when the number of times the algorithm has repeated itself in order to find the next best solution 

exceeds a number that has been pre-specified (Taha, 2017). 

Sörensen et al. (2018) identified the tabu search, genetic algorithm and simulated annealing as 

the most commonly used and studied metaheuristics by OR practitioners. The characteristics 

of each are listed below. 

a) Genetic algorithm  

Paszkowicz (2013) stated that the genetic algorithm (GA) is a “heuristic search technique that 

mimics the process of natural evolution”. Forrest (1996) agreed and stated that the GA is a 

biological evolution computational model. Forrest elaborated that Gas can be used as search 

techniques in problem-solving and can be used to model evolutionary systems. In Gas, a 

computer’s memory stores what is known as binary strings, and over time these strings are 

adapted in much the same way that populations of individuals evolve under natural selection. 

Taha (2017) described the GA as an algorithm that mimics the process of “survival of the 

fittest” in biological evolution. Each possible result for a problem is regarded as a chromosome 

inscribed by a gene set. Common gene codes consist of binary (0, 1) or integer sequences 

representing solutions of the problem. Carr (2014) agreed and added that Gas are used to find 

the feasible solution(s) to a given mathematical problem that maximise or minimise a specific 

function. Gas represent a growth calculation field of study where biological procedures such 

as reproduction and natural selection are imitated to search for the best/‘fittest’ solutions. 

b) Simulated annealing  
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Henderson et al. (2003) wrote that simulated annealing (SA) is a common local search 

metaheuristic method which addresses discrete and continuous problems, though continuous 

problems are not addressed  to the same extent as the discrete combinatorial problems. The 

most important characteristic of SA is how it enables the ability to be free from local optimal 

points. This is done by allowing uphill movements (these movements make the value of the 

objective function worse), while hoping to find a global optimal point. 

Corana et al. (1987) agreed and further described SA as an essentially repetitive random search 

process with moves that are adaptive along the directions of the coordinates. The authors added 

that it permits hill-climbing moves controlled by a stochastic basis, and thus tends to avoid 

stopping at the first local minimum points determined by the algorithm as shown in Figure 10. 

Xinchao (2011) defined SA as a generic metaheuristic algorithm with probabilistic features for 

the global optimisation problem. Xinchao added that Kirkpatrick et al. (1983) and Cerny (1985) 

presented this algorithm independently. It is further described as a method to determine a good 

enough solution to combinatorial problems using an arbitrary variant of the current result. A 

bad version is taken on as the new solution at a decreasing probability as the calculation 

progresses. The algorithm has a higher probability of finding an optimal or almost optimal 

solution when the rate of decrease or “cooling time” is slow. 
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Figure 10: A simulated annealing algorithm flow chart (Corana et al., 1987). 

c) Tabu search  

The tabu search (TS) is a method used to solve NP-hard and NP-complete problems. The 

application of these problems ranges from matroid settings and graph theory to pure general 
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and MILP problems. It is procedure that can adapt and use numerous other methods like exact 

methods and specialised heuristic techniques to direct the algorithm to overcome constraints of 

local optimality (Glover and Laguna 1998). 

Gendreau (2002) presents the basic idea behind the TS in the form of a tutorial. The research 

places special emphasis on presenting the connection with classic local search algorithms and 

on fundamental parts of any TS heuristic, such as defining the space for the search, the 

neighbourhood arrangement, and memory of the search. Application of TS is popular for 

finding solutions to NP-complete problems such as the facility location problem (FLP) and the 

VRP. 

Pirim et al. (2008) qualified this by writing that problems such as the ones mentioned by 

Gendreau (2002) are encountered in fields like vehicle routing and scheduling. These are 

mostly NP-complete problems that are very complex. TS is one of the most effective heuristic 

methods as it determines solutions of good quality in a comparatively short time. 

Hillier and Lieberman (2010) described the process as starting with a feasible initial solution. 

Iterations are then done with a suitable local search process to specify the possible moves into 

the local neighbourhood of the latest provisional solution. The stopping criterion, is set as a 

specified amount of computation time, a specified number of times the algorithm repeats 

calculations a specific number of consecutive iterations without improving the best value of 

the objective function or any iteration where no possible solutions are found. 

2.3   Optimising rail line capacity  

From the literature, three parameters are classified as the most important factors that influence 

the railway line capacity. These are train types, schedules and railway infrastructure. Abril et 

al. (2008) state that capacity depends on these factors and the authors reviewed methods to 

analyse capacity while researching the effects these might have on different types of capacity 

i.e., theoretical and actual capacity).  

Landex (2008) supported the classification of the three parameters by stating that “railway 

capacity depends on the infrastructure, the rolling stock (train types) and the timetable shown”. 

This is illustrated in Figure 11. It was stated that for the capacity challenge to be managed more 

effectively, we must examine these factors in detail in order to define, analyse and improve 
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capacity utilisation. In this research, only the parameters without the inclusion of human factors 

and external factors were analysed. The three parameters are now described in more detail. 

 

Figure 11: An image of the parameters affecting capacity ( Landex, 2008). 

2.3.1 Train types 

A mixture of different train types can have considerably different operating elements. Dingler 

et al. (2009) studied the North American railroads and noticed the rapid growth in freight 

demand, which led to a need to increase capacity to accommodate this demand. They stated: 

“efficient planning of new capacity requires understanding how the mixture of traffic interacts 

to affect capacity”. The heterogeneity in the mixed characteristics of the varied types of trains 

creates longer delays than those occurring as a result of homogeneous traffic. This means that 

having a diverse mix of elements like priority and average speed creates longer delays than 

when traffic is not mixed. The purpose of Dingler et al.’s research was to “attempt to provide 

a better understandIng of the impacts of various aspects of train type heterogeneity to enable 

more effective planning and efficient rail operations”. Efficient rail operations alleviate 

unnecessary delays on rail lines, which decreases available capacity. The authors conducted 

their research using freight and passenger train simulation software. Their findings 
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demonstrated that individual delays resulting from heterogeneity of train types can be mitigated 

by operating strategies. Their research also highlighted that priority seemed to have the biggest 

effect on delays. 

Yaghini et al. (2014) partially agreed with this approach and developed an IP model to analyse 

the impact of heterogeneous traffic on railway line capacity for the Tehran–Zanjan route in 

Iran. They suggested that rail line capacity depends on traffic on the line, infrastructure to 

handle this traffic, and operations. They argued that an increase in combining different trains 

generates more interference and this reduces the railway line capacity and therefore identifies 

train types as having a key impact on line capacity. They formulated an IP model for a multi-

commodity network. The inputs of the IP model are the train type attributes and infrastructure, 

and the outputs are the line capacity for each railway line section. The objective function for 

the model seeks to maximise the number of train paths over a rail line by considering priorities. 

The authors demonstrated an increase in capacity without the use of a detailed timetable. The 

model also showed that an increase in the number of low-speed trains decreases line capacity. 

This was because trains moving at low speeds take up capacity on the line for longer periods 

of time. 

Burdett et al. (2006) developed methodologies to analyse and improve capacity by studying 

how different train types, together with their speeds and lengths, can be used to estimate the 

absolute carrying capacity of railway system facilities. The authors introduced the term 

“absolute capacity” which they defined as the number of trains that could pass through the 

critical section of the line. This capacity value was then optimised and used in multiple planning 

purposes. A mixture of different train types was used as an input to the MILP model, and it 

gave an output value for absolute capacity as well as different arrangements of the different 

trains – referred to as the “actual” train mix. The authors suggested that the model can also be 

used to determine actual capacity for lines and networks. 

Concerning train types, Landex (2008) wrote that “It is not only double track railway lines with 

homogeneous traffic that achieve higher consecutive delays when the capacity consumption 

increases. However, double track with homogeneous traffic is the simplest situation of 

calculating delays and delay propagations and illustrates how one initial delay can affect the 

succeeding trains.”  The author analysed trains that operated at the same speed, trains that move 

at different speeds, and trains which run on a single track. The research proved that there was 
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a higher risk of consecutive train delays on heterogeneous trains operating on the lines, which 

would then cause a significant loss in capacity. 

2.3.2 Schedules 

Dick and Mussanov (2016), like Dingler et al. (2009), studied North American railways and 

how to use flexible operations with varying departure times to determine optimal infrastructure. 

Most developed models used to minimise cost by matching infrastructure investments to 

projected traffic levels using rigid timetables. It was argued that a flexible schedule increases 

the number of possible meet locations (where trains going in opposite directions meet) 

especially on single line railways, and this increases delays. Their research used simulation 

techniques to model operations onto single-track routes to investigate the relationships between 

infrastructure and flexible timetables. A minimum delay schedule and flexible model was 

developed. The research suggested that adding even small amounts of flexibility to train 

schedules resulted in a significant increase in delays on the line, which may lead to unwanted 

effects on rail yards and terminals. 

Luethi et al. (2007) argued that rescheduling combined with train control is a low cost and 

effective approach to increasing capacity in cases of heavily used heterogeneous traffic railroad 

networks and yards. The method was designed to increase capacity without changing the 

infrastructure in any significant way. They mapped the rescheduling process depicted in Figure 

12. The approach comprises a step-by-step method of rescheduling operations on the rail line. 

This approach combines rescheduling with network traffic control to minimise schedule 

reserve times without reducing stability and thereby increasing network capacity. 
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Figure 12: Railway network scheduling process (Luethi et al., 2007). 

Zhang et al. (2018) developed an MINLP model for the scheduling of trains. They emphasised 

that scheduling plays an important part in the improvement of rail capacity when trying to 

remove or manage traffic pressure. The MINLP model was used to optimise train services for 

given headways determined by demand. The MINLP model was then converted to a MILP 

model and solved. The result was simulated and showed evidence of a reduction in train use 

and therefore a reduction in rail line congestion. 

Hansen (2004) investigated how capacity on rail lines could be increased on Dutch railways by 

optimising timetables and schedules. The author listed minimal headway time, slack, and 

waiting times as the timetable variables. The suggested approach was used to estimate the 

blocking times and buffer times at bottlenecks. The model used simulation models and 

queueing theory to estimate waiting times. The study results could be used to improve the 

quality of operations by blocking times as a function of the operations punctuality levels. 

Andersson et al. (2015) used an optimisation approach to reduce timetable delays. They 

proposed a MILP model that reallocates margin time to increase the robustness of an existing 

timetable. This increases the robustness at critical timetable points that are sensitive to any type 
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of delay on the rail lines. Increased robustness ensures that a delay experienced by one train 

will not affect the rest of the trains running on the line. Increased robustness and decreased 

delays resulted in more effective use of the railway capacity. 

Higgins et al. (1997) studied the use of heuristics for single train line scheduling. They 

formulated a MILP model for the optimisation of train schedules for single track lines. This is 

a difficult problem to solve and so they used a combination of heuristics and metaheuristics. 

This included the Greedy algorithm, TS and GA, which was used to create a hybrid algorithm 

to solve the MILP model. They produced a better train timetable using the genetic algorithm 

in their developed hybrid heuristic. 

Furini and Kidd (2013) presented a heuristic which solves the scheduling problem on a railway 

network, and which resulted in no conflicts. Results were determined using real data from a 

Milan case study. The problem allowed trains to be re-routed when no possible paths are 

available in the space–time graph. The method searched for alternative routing possibilities and 

takes these as input. Furthermore, other than fixing conflicts in given timetables the algorithm 

could be used as a tool for planning. The planning can aid in testing capacities for networks or 

for resolving conflict in real-time in the case of railway network disruptions. 

2.3.3 Infrastructure 

Khandem Sameni (2012) listed four infrastructure parameters that affect how trains flow on 

the corridors and rail networks. These are the number of tracks on the line, the average speed 

the infrastructure can handle, the axle load, the loading gauge, and the maintenance of the 

infrastructure. These parameters affect the capacity of the lines. The author explained that the 

number of tracks determines the theoretical capacity on the line. Trains running in opposite 

directions on a single-track line increase waiting times because of the conflict they create. The 

speed of trains affects the capacity in such a way that the faster the trains, the less time is spent 

occupying the infrastructure. The maximum axle load of lines helps determine how heavy 

freight can be and how much freight can be carried on the tracks. Loading gauge determines 

the maximum height and width of trains on the line. This is because some lines have bridges 

and tunnels that trains need to travel through. Lastly, consistent maintenance is needed to 

minimise derailments and to monitor wear and tear of the infrastructure. This interferes with 

the railway operations and affects capacity utilisation (Khandem Sameni, 2012). 
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Singh et al. (2012), like Yaghini, used MILP models to determine the capacity needs of the 

Hunter Valley coal chain in Australia. They also note most affordable capacity expansion plans 

to meet the increasing demand, while minimising infrastructure and demurrage costs. 

Constraints were used to limit completion times for stacking, stockpiles, receival capacities, 

load-point capacities, and train jobs. The objective of the model is to minimise the cost of the 

sum of delays and the cost of using additional paths and stations on different sections of the 

track and adding loading stations at the terminal. The authors applied the GA, squeaky wheel 

heuristic, and large neighbourhood search to solve the models. 

Garrisi and Pastor (2019) studied the problem of rail infrastructure congestion in the European 

Union (EU). Most rail companies in the EU, like others around the world, were considering 

investing in new infrastructure. Specifically, the company was considering adding a new 

diversion track, but the cost was high and they needed to investigate alternative solutions. The 

case study showed that the use of a diversion track in the case of insufficient planned rail line 

capacity may not be advantageous for trains – even with a longer waiting time for capacity to 

be released. They suggested that one of the ways to eliminate the negative effects of congested 

railway infrastructure is to invest in the increase of its capacity through infrastructure 

expansion. This increase was achieved by improving the rail operations, which freed up some 

capacity. However, the models created also show that as the performance of the companies 

grows, the demand will increase and eventually new infrastructure will be needed. 

Burdett (2016) considered the expansion of railway infrastructure to increase capacity on an 

Australian rail line. The suggested expansions may include the building and positioning of new 

sidings and signals on the line (these usually result in delays as trains come to a complete stop 

at both), the replicating of existing sections of rail through track duplication, and the 

advancement or replacement of existing corridors to various gauge tracks. The cost of these 

expansions is high and therefore the author applied IP models to identify the bottlenecks and 

critical points where the expansions will be implemented and will have a greater positive 

impact on the capacity. 

2.3.4 Simultaneous parameter modelling 

The current study investigated the improvement of railway capacity. It is focused on analysing 

effects related to capacity utilisation in structured railway operation. Most MILP models used 
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in the above literature to optimise or analyse rail line capacity only focus on optimising or 

investigating the parameters mentioned in section 2.2 individually, in order to determine how 

each will affect the capacity. However, the parameters are collectively important in developing 

an accurate model for optimising capacity. It is therefore important to investigate an MILP 

model where all the parameters are analysed. 

Landex (2008) supported the statement above and provided a three-dimensional representation 

of capacity utilisation – as shown in Figure 13. The author noted the four parameters affecting 

the capacity utilisation as stated by the International Council for Railways. The number of 

trains represent the schedules, average speed of the trains is the speed that the infrastructure 

can handle, heterogeneity pertains to the types of trains, and the added parameter of stability 

refers to the robustness of schedules. The author noted that the parameters in the diagram affect 

each other. For example, decreasing heterogeneity may increase speed or create more stable 

timetables. This leads to increased capacity, and a more stable timetable can accommodate 

train heterogeneity but that may lead to a decrease in average speed and therefore an increase 

in capacity utilisation and a decrease in the total number of trains running on the line.  

 

Figure 13: A three-dimensional representation of capacity utilisation (Landex, 2008). 

Lindfeldt (2011) looked at two parameters simultaneously and developed the Time-Varying 

Effect Model (TVEM), which models the train schedule and the line infrastructure as variables 

to evaluate the capacity for different train types. This was supported by further research by 



39 

 

Lindfeldt (2015), where the author added that by changing conditions and making new 

timetables, general capacity relationships can be established. 

2.4   Train timetabling problem models for train schedules 

The above literature review of capacity modelling and optimisation of railway capacity clearly 

indicates that schedules and timetables are important. Schedules speak to how the infrastructure 

is used and contain information on the types of trains that run on the line. Thus, it was important 

for this research, while studying the capacity of the NatCor line, to analyse the schedules in 

detail. To perform a thorough analysis of the schedules, this study considered a train 

timetabling problem (TTP). This is a variation of the assignment problem where all variables 

are modelled in the NatCor line to minimise delays on the line. The resulting MILP model was 

then used to compute the maximum number of trains that can run from the various origin points 

to the intended destinations at optimal delay. 

Another model that was considered for this research was the vehicle routing problem with time 

windows (VRPTW). This problem is discussed in section 2.5. This problem, together with the 

TTP, forms part of the TSP class of problems. Thus, different variations of the VRP were 

studied and the final problems were defined and formulated to solve the MILP models. 

Section 2.4 begins with a detailed description of the TTP and VRP. 

2.4.1 Mathematical formulation of the TTP 

Caprara et al. (2002) analysed the TTP concentrating on single, one-way track problems for a 

company in Italy – which links two key stations with numerous stations in-between. All trains 

connect two stations down the lines. The trains may have to stop midway at some of the stations 

along the line. The authors proposed a formulation for the problem by using graph theory which 

includes a directed pseudograph in which nodes represent the departures/arrivals at a given 

station at a specified time interval of instance. They formulated an ILP focusing on one Italian 

corridor. Their model was adapted from a TTP developed by Brännlund et al. (1998). The 

objective function for the IP model aims to maximise the sum of the profit from each of the 

arcs traversed by the trains (Caprara et al., 2002). 
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Robenek et al. (2014) proposed an alternative TTP, which they referred to as an ideal train 

timetabling problem (ITTP). The ITTP was used to analyse and improve the planning process 

using current passenger railway service data. They observed that the current practice did not 

define ideal and profitable timetables and formulated the ITTP using an analysis of passenger 

behaviour. The resulting MILP model has an objective function minimising the cost of the 

journey and additional weighted values based on the demand and value of time. The model 

output consisted of the passengers’ routes and thus the efficiency when planning the rolling 

stock assignment (i.e., the rolling stock planning problem – rolling stock being the vehicles, 

wagons and carriages running on the railway) was measured using the train occupation. This 

output was then used as an input for the traditional TTP. 

According to Stanojevic et al. (2010), the traditional TTP seeks to determine a cyclic timetable 

for a train set; it does not disobey track capacity constraints and satisfies a number of 

operational limitations. They developed MILP models using the real-time data of Serbian 

railways as a case study. The authors suggested that the three most important properties of the 

rail network are the cars (train carriages), locomotives (engine vehicle for trains) and crew, and 

the flow of these determines the quality of the timetable. An IP approach was used to determine 

an optimal train timetable for a single, one-way track which links two key stations with 

numerous stations in-between. The MILP model is shown below with the decision variables x 

∊ Arcs representing the flow of a train on an arc (arcs help to trace the different train paths 

Path(t) traversed by each train t, through different stations, s). This arc set includes arcs 𝑥𝑡,𝑠,𝑘
𝑤𝑎𝑖𝑡 

and 𝑥𝑡,𝑠,𝑘
𝑜𝑢𝑡 . These arcs represent the trains waiting at and exiting stations s at time k. Other arcs 

such as 𝑥𝑡, 𝑎𝑡,𝑘
𝑎𝑟𝑟  and 𝑥𝑡, 𝑑𝑡,𝑘

𝑎𝑟𝑟  denote the train t arriving and departing at time k, respectively. 

Variables  𝑙𝑑𝑡 and 𝑒𝑑𝑡 represent the latest and earliest departure times and 𝑒𝑎𝑡 and 𝑙𝑎𝑡 are the 

earliest and latest arrival times, respectively. Q is a set of discrete time intervals k and sets S 

and T are the sets of stations and trains, respectively. The variables 𝑚𝑑𝑡, 𝑚𝑖𝑠 and 𝑚𝑤𝑠 

represent the maximum allowed delay for train t, the maximum number of train stations s at 

the same time, and the maximum number of trains waiting at station s. 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑧 =  ∑ (∑ (𝑘 − 𝑒𝑑𝑡) 𝑥
𝑡,𝑑𝑡,𝑘

𝑑𝑒𝑝𝑙𝑑𝑡
𝑘=𝑒𝑑𝑡

+  ∑ ∑ 𝑥𝑡,𝑠,𝑘
𝑤𝑎𝑖𝑡𝑒𝑎𝑡 + 𝑚𝑑𝑡

𝑘=𝑒𝑎𝑡,𝑠𝑠=𝑃𝑎𝑡ℎ(𝑡) )𝑡∈𝑇   (1) 

Subject to: 
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∑  𝑥
𝑡,𝑑𝑡,𝑘

𝑑𝑒𝑝
= 1,

𝑙𝑑𝑡
𝑘=𝑒𝑑𝑡

 ∀t ∊ T         (2) 

∑ 𝑥𝑡, 𝑎𝑡,𝑘
𝑎𝑟𝑟 = 1

𝑙𝑎𝑡
𝑘=𝑠𝑎𝑡

, ∀t ∊ T         (3) 

∑ 𝑥𝑥∈𝐸𝑛𝑡𝑒𝑟(𝑡,𝑠,𝑘) −  ∑ 𝑥𝑥∈𝐸𝑥𝑖𝑡(𝑡,𝑠,𝑘) = 0, ∀t ∊ T,  ∀s ∊ Path(t), ∀k ∊ Q, ea(t,s) ≤ k ≤  

     ea(t,s) + md(t)       (4) 

∑ 𝑥𝑡,𝑠,𝑘
𝑤𝑎𝑖𝑡 ≤  𝑚𝑤𝑠𝑡∈𝑇  , ∀s ∊ S, ∀k ∊ Q         (5) 

∑ (𝑥𝑡,𝑠,𝑘
𝑤𝑎𝑖𝑡 +  𝑥𝑡,𝑠,𝑘

𝑜𝑢𝑡 )  ≤  𝑚𝑖𝑠𝑡∈𝑇  , ∀s ∊ S, ∀k ∊ Q      (6) 

∑ ∑  𝑥𝑡,𝑠,𝑙
𝑜𝑢𝑡

𝑙≤𝑘−1,𝑙+𝑓(𝑡,𝑠)≥𝑘𝑡∈𝑇𝑜𝑢𝑡 + ∑ ∑ 𝑥𝑡,𝑠+1,𝑙
𝑜𝑢𝑡

𝑙≤𝑘−1,𝑙+𝑓(𝑡,𝑠+1)≥𝑘𝑡∈𝑇𝑖𝑛 ≤ 1 , ∀s ∊ S, ∀k ∊ Q (7) 

𝑥 ∈ {0,1}, ∀x ∊ Arcs            (8) 

The objective function minimises the sum of total delays with arc costs representing the delays 

as discrete time units. Constraint sets (2) and (3) ensure that each train can leave only one 

departure point and one arrival point at a given time instance. This helps track the path the 

trains traverse. Constraint set (4) notes the constraints that preserve the flow. Constraint set (5) 

ensures that the waiting train number at a station does not exceed the total number of tracks 

used at the station. Constraint set (6) ensures that the maximum number trains which dwell at 

the station and those that pass through the station at that same time are less than the total number 

of tracks. Constraint set (7) ensures that capacity limits between sections are upheld. The results 

when solving the MILP model were an output of optimal departure times for all trains 

individually and showed that 80% of the trains on the Serbian railways should leave earlier 

than currently scheduled. 

Liu and Han (2016) formulated an ILP for the TTP using the Beijing–Shanghai high-speed 

railway line as a real-life problem. They studied the capacity utilisation for the section between 

Xuzhou East Station and Nanjing South Station. The section has two tracks and runs high-

speed trains. There is heavy rail activity, traffic movement and trains running at different 

speeds that operate on the line. The TTP seeks to determine a possible timetable with a high 

efficacy where different lengths of headway times are differentiated in the train timetabling 

process. The TTP model in equations sets (9) – (12) by Lui and Han (2016), similar to the 

model suggested by Stanojevic et al. (2010), seeks to minimise the deviation to the earliest 
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departure time, thereby minimising delays. In the model, C represents a conflict set of pairs of 

train paths and each pair of train paths violates headway time constraints. L is a set of trains 

and 𝑃𝑙 is a set of train paths for a train l where ∀ l ∊ L and P is a set of paths for all trains 

𝑚𝑖𝑛𝑖𝑚𝑖𝑠𝑒 𝑧 =  ∑ ∑ 𝑤𝑝𝑥𝑝𝑝∈𝑃𝑙𝑙∈𝐿     (9) 

Subject to ∑ 𝑥𝑝𝑝∈𝑃𝑙
≤ 1 ∀l ∊ L    (10) 

∑ 𝑥𝑝𝑝∈𝐶 ≤ 1 ∀c ∊ C    (11) 

𝑥𝑝 ∈ {0,1}     (12) 

The objective function in equation (9) for the model minimises the total weight 𝑤𝑝 for each 

train traversing on a certain path p. This total weight represents the sum of the weight assigned 

to the trains for dwell and deviation times. 𝑥𝑝 is a binary decision variable where the value is 

one if the train t traverses the path p, and zero otherwise. Constraint set (10) ensures that at 

most only one train path is generated per train. Constraint set (11) removes all conflicts linked 

to the violation of headway time constraints for any two train paths belonging to different 

trains. If the time interval between any two consecutive trains is not adhered to, the train paths 

are added to set C, which is a set of conflicts occurring on the line. Constraint set (12) assigns 

the decision variables 𝑥𝑝  to a binary value. 

Garrisi et al. (2019) investigated looking beyond the TTP and developed a model that can be 

used for scheduling problems in different industries. They formulated a MILP model to 

optimise the scheduling of trains on a railway network and developed a heuristic algorithm to 

solve the scheduling model. The model should, ideally, produce schedules that have zero 

conflicts. They provided a disclaimer that although the MILP model is solvable for simple 

cases, complex cases may be impractical to model and solve – especially in the case of creating 

new optimal timetables. The final model is a multi-objective problem that is modelled by a cost 

function. The total train delays are minimised through the objective function for this problem. 

Delays were measured as absolute deviances between real/actual times and scheduled times of 

departure and arrival times of the route sections. 

Cacchiani and Toth (2011) studied literature that dealt with TTPs in their nominal and robust 

state. The nominal version of the TTP aims to optimise the objective function, which can have 
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different forms depending on the company requirements for the model. Most companies would 

want to maximise customer satisfaction and so the TTP would produce schedules according to 

that objective. The nominal TTPs are characterised by features such as cyclic and congested 

non-cyclic schedules, one-way corridors with single tracks or a railway network, transportation 

of freight or passengers (where passenger trains are often scheduled first), and objective 

functions like minimising costs for the rail company or minimising total travel times for 

passengers. The objective function for the nominal TTP modelled in the study aims to 

maximise the total value or profit for the feasible timetables. This model was adapted from the 

model by Caprara et al. (2002). Cacchiani and Toth (2011) added that recent studies have been 

dedicated to solving robust TTPs, where the objective is to minimise delays on the rail lines as 

much as possible. Approaches used to solve these robust TTPs include stochastic optimisation, 

metaheuristics, Lagrangian methods, light and recoverable robustness, managing delays, two 

criteria method. The robust timetabling technique, which aims to minimise train delays, is an 

adaptation of the TTP by Liebchen et al. (2009) using weighting of delays similar to the model 

in equations (9)-(12) from Liu and Han (2016). 

2.4.2 TTP solution methods 

Liu and Han (2016) solved the TTP using a branch-and-price algorithm that they developed 

themselves. The algorithm is outlined in the flow chart in Figure 14. The technique mixes the 

B&B method with column generation. In the branch-and-price tree for their model, every node 

n corresponds to an LP, 𝑃𝑛. The flow chart starts at point 𝑛𝑟 which is the root, and the LP 𝑃𝑛𝑟
 is 

the relaxed LP for the TTP. Generating columns solve the LP 𝑃𝑛. The set of active nodes A 

originally had 𝑛𝑟 and nodes, with no decision values. The node 𝑛𝑎 is then branched and 

determined by a search algorithm. If the minimum best solution exceeds the value of one, the 

node n with the highest value One(𝑥𝑛), which is the number of decision variables which satisfy 

𝑥𝑝
∗ = 1  and 𝑥𝑝

∗ ∈ 𝑋𝑛 , is then chosen as 𝑛𝑎. It is advantageous to find a possible solution of the 

TTP. The output of the model showed favourable results when different headway times were 

considered. 



44 

 

 

Figure 14: Flow chart for the branch-and-price algorithm (Liu and Han, 2016). 

Garrisi et al. (2019) developed a GA metaheuristic to solve a MILP problem with multiple 

objectives. The GA is made up of two parts. The first part of the algorithm chooses a path using 

the earliest-exit rule. Part 1 of the GA is executed concurrently based on the following 

objectives for service: each intent of service is handled as an individual job and true parallel 

utilisation of the method avoids dividing the work between the physical units unequally. Every 
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constraint set except allotment of resources and links between services is then implemented 

through assembly. The allocation of resources then follows. The allocation is completed using 

a different method. The second part of the algorithm allocates a resource (not necessarily trains) 

to a time interval. This is done sequentially to prevent conflicts on a resource. A delay is 

introduced when the allocation of resources cannot be completed for an interval. 

In addition to solution approaches for TTPs, Lee and Chen (2009) developed a heuristic which 

includes both train timetabling and train pathing, and can solve real-life instances so making it 

scalable. The reason for this was the problems to be addressed with automation of train pathing 

and timetabling were continually growing and the processes were gradually moving away from 

being done manually. The heuristic lets the trains’ operation time depend on the allocated track 

and let the lowest headway time between consecutive trains depend on the current standing of 

the train. The solution heuristic formulated by Lee and Chen (2009) is mapped out in Figure 

15. 

 

 

Figure 15: A flow chart of the TTP heuristic (Lee & Chen, 2009). 
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The algorithm was used to develop a primary solution with an uncomplicated act, and derives 

the solution repetitively through a process which consists of four steps. The heuristic begins by 

generating a feasible solution. This is done by running the services in sequence by order of 

departure times. In step one, the algorithm orders the trains blocks in-between stations. In this 

step, the algorithm seeks to find new results by changing the latest possible result by altering 

the train sequence at inter station blocks. In step two, trains are assigned to tracks at the stations 

with a binary IP model, and this is done for stations with more than two tracks. Trains are then 

ordered on intra-station tracks in step 3. This is done using a LP model to obtain train ordering 

that can be used when going through the different stations. In step four, the algorithm solves 

for the schedule using a LP model, where appropriate headways are applied to all blocks on 

the line. The threshold rule is then accepted if the newly calculated solution for the model is 

superior to the initial and current result. 

2.5    Vehicle routing problem models for train schedules 

Christofides (1976) stated that vehicle routing problems (VRPs) are a supplement for the TSP. 

The author defined the VRP as an order of problems, which involves a number of vehicles 

visiting customers to supply or deliver goods, usually from a common depot. The key goal or 

aim of VRP models is to keep the total costs incurred for the delivery of the goods at a minimum 

value. 

In their book, The vehicle routing problem, Toth and Vigo (2002) agreed with this definition 

and listed various types of VRPs, naming the three most popular as the VRP for TSP, the 

capacitated VRP and the VRP with time windows (VRPTW).  

Desrochers et al. (1991) states that the VRPTW is a generalised version of the VRP where the 

service to the customers is performed between the earliest and the latest times in which the 

customer permits the beginning and end of service. The authors formulated a new method to 

find a solution to the VRPTW optimally by generating columns. Possible columns are then 

included, as necessary. This is done by finding a solution to a shortest path problem with 

periods of time and restrictions on capacity through DP. The objective function was to 

minimise the total cost incurred. The method found results for 100 customers, which became a 

benchmark solution suggested by the authors for future research. 
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Kallehauge (2006) noted that the VRPTW is a VRP, which is used to optimise the routing of 

numerous vehicles between a starting point (the depot) and numerous customers who have to 

be visited within specified time spans. The thesis was based on the evolution of new solution 

techniques to solve the VRPTW. In the research, he stated that the VRPTW inherited most of 

its aspects from one of the longest running combinatorial problems, the TSP. Ombuki et al. 

(2004) identified the VRPTW as an extension of the capacitated VRP. The authors formulated 

the VRPTW as a problem with multiple objectives and developed a GA to find a solution. The 

objective functions minimised the total distance travelled by the vehicles and minimised the 

total number of vehicles used to service customers. The final objective was to minimise the 

sum of total costs incurred to transport goods to customers in a specified time window. 

2.5.1 Mathematical formulation of the VRPTW 

Akgül (2020) developed a VRPTW model with a homogeneous fleet, similar to that of 

Kallehauge (2006). The parameters and variables used in this model are found in Table 1: 

Table 1: A list of variables for the VRPTW (Akgul , 2020). 

Variables and parameters Description 

(𝒂𝒊, 𝒃𝒊)  Customer service time intervals 

𝒄𝒊𝒋 Cost between i and j 

𝒅𝒊   Customer demand 

𝒔𝒊 Service time of customer i 

𝒕𝒊𝒋 Travel times between i and j  

c  Number of customers 

n Nnumber of nodes, 0 …. n+1 
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The formulated model is given as:  

𝑚𝑖𝑛𝑖𝑚𝑖𝑠𝑒 𝑧 = ∑ ∑ ∑ 𝑐𝑖𝑗𝑥𝑖𝑗𝑘𝑗∈𝑁𝑖∈𝑁𝑘∈𝑉           (13) 

∑ ∑ 𝑥𝑖𝑗𝑘𝑗∈𝑁𝑘∈𝑉 = 1     ∀𝑖 ∈ 𝐶        (14) 

∑ 𝑑𝑖𝑖∈𝐶 ∑ 𝑥𝑖𝑗𝑘𝑗∈𝑁 ≤ 𝑄       ∀𝑘 ∈ 𝑉        (15) 

∑ 𝑥0𝑗𝑘𝑗∈𝑁 = 1        ∀𝑘 ∈ 𝑉            (16) 

∑ 𝑥𝑖ℎ𝑘𝑖∈𝑁 = ∑ 𝑥ℎ𝑗𝑘𝑗∈𝑁      ∀𝑘 ∈ 𝑉, ∀ℎ ∈ 𝐶    (17) 

∑ 𝑥𝑖,𝑛+1,𝑘𝑖∈𝑁 = 1        ∀𝑘 ∈ 𝑉      (18) 

𝑔𝑖𝑘 − 𝑔𝑗𝑘 ≤ 𝑀(1 − 𝑥𝑖𝑗𝑘) − (𝑡𝑖𝑗 + 𝑠𝑖)𝑥𝑖𝑗𝑘    ∀𝑖, 𝑗 ∈ 𝑁 , ∀𝑘 ∈ 𝑉  (19) 

𝑎𝑖 ≤ 𝑔𝑖𝑘 ≤ 𝑏𝑖       ∀𝑖 ∈ 𝑁 , ∀𝑘 ∈ 𝑁     (20) 

𝑥𝑖𝑗𝑘 ∈ {0,1}     ∀𝑖, 𝑗 ∈ 𝑁 , ∀𝑘 ∈ 𝑉     (21) 

The objective function for the model in equation (13) aims to minimise the total cost incurred 

to transport the goods to the customers. Constraint set (14) shows that each vehicle visits a 

customer exactly once. Constraints sets (15), (16) and (18) contain information on vehicle 

capacity and record the starting point and endpoint for the trips as the depot. Constraint set (17) 

is where the arcs store information on the arrival and departure of the train. The final three 

constraint sets are the calculation of service time for the customers and assigning the arcs 𝑥𝑖𝑗𝑘 

to binary values. 

With the intention of minimising the route duration, Savelsburgh (1991) researched 

implementing edge-exchange optimisation methods for the VRP. This was in addition to 

previous work which showed that in special cases of single vehicles, i.e., the TSP with time 

windows, constructing a feasible route is already NP-hard (Savelsburgh, 1986). As a result, 

Q vehicle capacity 

v  Number of vehicles 
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most of the research in this area has been directed towards controlling the feasibility of a set of 

routes. The author argued, however, that instituting time spans for customers also makes it 

possible to define objective functions which are more practical (in comparison to minimising 

the range or distance), such as minimising waiting time, minimising the time the service is 

completed, and minimising the time period for paths.  

2.5.2 VRP solution methods 

To solve the VRP with an objective of minimising cost for the delivery of goods to customers 

using a homogeneous fleet of vehicles, Osman (1993) developed a hybrid method of the TS 

and SA algorithms. The SA part of the algorithm imposes a random search, which includes the 

acceptance and stopping criteria to find a better local minimum on the local search. The TS 

seeks to improve on the local optimality and is based on a function which chooses the maximum 

estimation move in terms of the objective function TS limits. 

Ombuki et al. (2004) formulated a VRPTW as problem with multiple objectives and developed 

a GA to find a solution. The GA is outlined in Figure 16. In the GA, the transformation of each 

chromosome in the population occurs. These chromosomes are transformed into a group of 

routes. The chromosomes are iteratively processed in a repetitive developmental process until 

a minimum feasible number of route groups is determined or until the stopping condition is 

met. The algorithm used location, time windows, vehicle capacity and customer demand as 

inputs and created an output of routes to be travelled by the vehicle during the given time 

windows. The final results for this model showed a reduction in cost and were perceived as 

positive. 
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Figure 16: The GA pseudocode for a VRP (Ombuki et al., 2004). 

Akgül (2020) developed a VRPTW model with a homogeneous fleet similar to that of 

Kallehauge (2006). This model was solved using MS Excel Open Solver. Mason (2012) wrote 

that MS Excel Open Solver allows LP and IP models developed in Excel to be solved using 

the CBC (COIN-OR branch and cut) solver. The CBC is written in C++ and the model can be 

programmed and used in other tools such as A Mathematical Programming Language (AMPL) 

(Mason, 2012). The objective was to minimise the total delay that the vehicles were allowed to 

incur, given the constraints. 

Savelsburgh (1991) used the neighbourhood search algorithm, commonly used in solving the 

generic TSP, to solve the VRP mentioned in section 2.3.2. The aim of the output is to show 

how the neighbourhood can be used to minimise route duration, travel time and completion 

time, and what effect each objective will have on each of the variables. From the results, it is 

evident that the objective function variables are minimised for the function that the variables 

are a decision variable in. Looking at the table, where the objective is to minimise travel time, 

the travel time as the lowest of the three objective functions.  

Fleszar et al. (2009) also used the neighbourhood search algorithm to find an optimal solution 

for an open vehicle routing problem (OVRP), where the vehicle does not travel back to the 

depot after service to the final customer, unlike normal VRP models. The authors based the 

neighbourhoods on withdrawing segment routes and replacing segments between the different 
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routes. The initial current result, a, is determined by using the local search technique for the 

first result, 𝑎0. The process then iteratively determines an arbitrary solution from a 

neighbourhood with a size, k, and it determines a current local minimum beginning at the 

arbitrary solution, which was previously generated and keeps it only if it has a value which is 

better than the value of the new solution respective to (O, T). This is repeated r times. The 

model’s solutions were compared to 16 other heuristics and Fleszar et al. (2009) concluded that 

the neighbourhood search algorithm could be used to solve many other transport and logistics 

problems. 

Jolai and Aghdaghi (2008) proposed a model for a multi-objective single vehicle VRPTW with 

multiple routes to traverse. The objectives were to minimise the total cost to serve customers, 

maximise the number of served customers, minimise the total waiting time, and to avoid 

underutilisation of the vehicle capacity. The authors developed a heuristic technique to find 

solutions to the model. The heuristic is an adaptation of the shortest path algorithm with 

resource constraints. The consumed resource is part of the criteria used to compare 

performance of the routes. The algorithm is broken down into two phases. Phase 1 is where a 

feasible route is generated. In phase 2, the path generated in phase 1 is used to create a full 

workday for the vehicle. The heuristic could only solve VRP to a maximum of 50 customers 

and therefore the authors suggested future work where the algorithm can be developed for more 

than 50 customers. 

Dhoruri et al. (2013) also presented the capacitated VRPTW as a multi-objective model to be 

solved using a GP model. The capacitated VRPTW vehicles have a limited carrying capacity 

of goods. The objectives were maximising the vehicle capacity and number of clients but to 

minimise costs and waiting times. The results were obtained by programming the model on 

LINGO. The solution showed that at least three vehicles were needed to satisfy the customer 

demands, but this decreases to two vehicles when the total capacity of the vehicles increases. 

2.6   Summary 

This research is about using MILP to optimise railway capacity on the NatCor. The research is 

focused on analysing how capacity is used on the NatCor by studying the parameters listed in 

section 2.3. In section 2.4 it was noted that from the parameters discussed in section 2.3, 

schedules were an important factor for railway capacity optimisation. Lindfeldt (2015) states 
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that the timetable is essential for the analysis of structured operation and analysing an existing 

or creating a timetable to be analysed would be a “natural first step” in the process. From the 

literature it was evident that an effective way to utilise train timetables and schedules would be 

to formulate a TTP as a MILP approach to analyse the schedule. Cacchiani and Toth (2012) 

noted that the TTP aims to achieve efficiency in rail operations by minimising travel times for 

customers Lindfeldt (2015) agreed and noted that the timetable contains information on all 

operations that happen on the line. The TTP is a complex problem to solve and Arenas et al. 

(2015) defined it as an NP-hard complex and a time-consuming optimisation process. 

The literature also identifies the VRPTW as NP-hard complex, but it is easier to solve and 

model. The VRPTW has been studied for more than 20 years and, because of this, multiple 

solution methods for the model have been identified. 

In this dissertation, the timetable will be used to analyse the capacity utilisation on the NatCor. 

A TTP will be formulated to optimise the capacity utilisation on the NatCor. To find an initial 

feasible solution to the TTP, it will be converted to an equivalent VRPTW to minimise total 

elapsed time for the trains. 
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3. Methodology 

This chapter explains the steps that were followed to conduct the research. The research 

followed the seven-step decision-making framework of Zandin and Maynard (2000). The 

framework is shown in Figure 17 and consists of a feedback loop to keep updating the progress 

of your work with the passage of time. 

 

Figure 17: the operations research framework (Zandin and Maynard, 2000). 

The first step is where the problem was introduced, and a clear picture of the issue was 

provided. The second step is where a clear definition of the problem was stated. The first two 

steps were covered in the first two chapters and were restated in section 3.1. Section 3.1 

explained the research approach. This approach serves as a detailed description of the type of 

study this was and the reasons behind this choice; this included the scope and desired results. 

Data was then collected in step 3, with the aim of translating the problem into a model that can 

be analysed. This data was cleaned and prepared to be used in the model. The problem was 

then formulated into a solvable model, being a mathematical model. The model formulation 

step was useful because models are easier to analyse than the original system. Next, the model 
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was solved using the CBC algorithm, and the solution was validated in step 6 by first verifying 

that it makes sense and then ensuring that the model is an accurate representation of the system. 

The final step was the implementation of the result and recommendation and monitoring of the 

system.  

3.1    Research approach 

The approach taken to conduct this research is illustrated using an adaptation of the Research 

Design Onion (Saunders et al., 2006): for an illustration see Figure 14. The full research onion 

provides a rather exhausting description of the main layers or stages which must be 

accomplished to formulate an effective methodology (Raithatha, 2017). However, the 

adaptation in Figure 18 is a summary containing only the final research design used in this 

dissertation. 

Based on Figure 18, the study used an inductive approach to determine how capacity can be 

optimised on the rail line. Although this approach does not always give a fixed solution, it is 

still advantageous as it allows the development of an optimisation model that will not be 

specific to the NatCor but can be adapted and used for other lines across the world. It allows 

for the observation of patterns on the line that might affect capacity. 

The study was also a quantitative assessment of rail line data and how changes made to the rail 

line will affect the rail yard in the short term. The quantitative nature of the research helps to 

make the validation process of the data easier. Although most of the research was based on 

data received from the company, as opposed to results obtained strictly through observation, 

this was overcome by considering only raw data from the company that had not been processed, 

sorted or packaged to suit any specific narrative. 
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Figure 18: The Research Design Onion (Saunders et al., 2006). 

To determine patterns on the line accurately, in relation to time, a longitudinal study was 

conducted using the NatCor and DCT as a real-life case study. The data used in this study was 

provided by a Transnet SOC Ltd and was compiled by the Operations and the Scheduling 

Departments. Using real data from the NatCor as a case study makes it more factual – as 

opposed to using arbitrary data. This also made the research easier to verify, which will make 

the research more credible.  

3.2   Data collection 

The data collection process is the third step in the seven-step decision-making framework 

described in Figure 17. The process started with meetings with the operations team to 

understand different operations on the NatCor line and at the DCT. Documentation of the as-

is model of the line was received from the team. This was followed by a site visit to the City 

Deep yard. This yard visit was important because the City Deep yard is the last yard where 

trains from Capital Park pass before joining the NatCor at Rietvallei, and this is illustrated in 

Figure 19. The City Deep yard visit also helped validate whether the timetable data provided 
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was accurate. A visit to the DCT was not necessary for the study because it does not include 

an analysis of the DCT. 

 

Figure 19: An illustration of how trains run on the NatCor line (Transnet, 2019). 

The next stage of data collection was gathering signalling data. A meeting with the Control and 

Signalling team was held and documents were shared explaining all the controls found on the 

corridor and how they affect the schedules. There are a total of 26 train signals which ensure 

that headway times are adhered to and there are six major signals (traffic lights) at the end of 

each section of the corridor safely and efficiently regulate the train movement. These signals 

feed back to a central Operations Command Centre, where they are monitored. 

A third meeting was scheduled with the scheduling team. In this meeting, all current schedules 

and timetables relating to the NatCor were provided in raw data format. The schedules included 

staff book-offs (shift information) and train maintenance schedules, as well as a list of all the 

trains (referred to as the catalogue) that have been running on the NatCor line since as far back 
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as 2009. This was to keep track of all active and decommissioned trains in the data clean-up 

process. 

3.3     Data analysis approach 

3.3.1 Data correlation 

The first step to analysing the data was to compare the data received from the different 

departments to each other in order to check if the information received correlated. This process 

revealed that the departments had different records of the same data due to a lack of 

communication between the departments and the action of working in silos. 

Some of the data received from both the operations and scheduling departments was old and 

outdated, so rendering it unusable. Data older than three years was not a reflection of what had 

been happening on the NatCor and was not relevant for the plans mentioned in the LTPF 

(Transnet SOC Ltd, 2016). This made the data cleaning process lengthy and this prompted 

more communication with the relevant departments to confirm data accuracy. The removal of 

the duplications was an effective way of decongesting the rail line where non-existent trains 

were taking up capacity slots 

Identifying and fixing the limitations assisted in building more accurate mathematical models 

that were usable for the company. This was done to avoid tainted results that could have 

influenced the accuracy negatively. This undoubtedly resulted in more efficient and reliable 

decision making. 

3.3.2 Data cleaning 

Some of the data received from the company contained inaccurate schedules and incorrect train 

catalogues. Duplicate train scheduling was clogging the schedules and some trains were 

missing from either the schedule or the catalogue. Receiving raw data from the company made 

it difficult to process and more meetings were held with the relevant department to understand 

what was causing the inaccuracies. The department head confirmed that the company had been 

using the same data files without updating them for years. This meant that trains that had been 

discontinued were still recorded and scheduled for a slot. It was also confirmed that trains that 
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had been replaced with new ones, because they were decommissioned, were not removed from 

the schedules, and thus the new ones added caused duplication on the catalogue and the 

schedule and confusion about clashing running times. 

After confirmation of which information was still relevant, the data was cleaned and freed of 

all duplication and inaccuracies. This process was done by using MS Excel and Python 3.9. 

These tools were chosen because they are user-friendly, and Python supports analysis of large 

and complex data sets very well and is compatible with many other software tools used for 

mathematical modelling (McKinney, 2012). 

The new timetable resulting from this process can be found in Addendum B. 

3.3.3 Model formulation 

In Chapter 2, three parameters were discussed as important parameters. These affect rail line 

capacity. The parameters were identified as train types, schedules, and infrastructure. 

Schedules were identified as the most important parameter to analyse as they contain 

information on how and when the rail line infrastructure is used, the types of trains scheduled 

to run on the rail line, and the journeys travelled by the trains. Thus the NatCor line was 

modelled as a TTP. The MILP model minimises the total delays experienced on the corridor. 

The timetables encompass all the information from the different departments that were 

sourcedfor the corridor data provided in Chapter 3. 

From Chapter 2, it was evident that the TTP and the VRP are derived from the TSP and 

therefore belong in the same family of NP-hard problems (Christofides, 1976; Abbas-Turki et 

al., 2011). The VRP family of problems share more similarities with how the TSP models are 

formulated and solved. This makes the VRP easier to solve than the TTP, which is seen as a 

far more complex problem to solve. Owing to this high level of complexity of the TTP 

compared to the VRP, the TTP model was converted into an equivalent VRPTW model in 

order to find an initial feasible solution. 

The results of the VRPTW were further improved using the TS metaheuristic. The heursiw 
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3.3.4 Model verification 

The model verification process started with the processing and cleaning of the data. The process 

also involved testing if the formulated models work using an existing code from the models 

analysed in the literature. The models were formulated on MS Excel Open Solver 2.9.3 64 bit, 

which uses the CBC algorithm to solve large MILPs (Mason, 2012; Akgül, 2020).  MS Open 

Solver is a software tool that handles models with a large number of variables. These models 

are often not solvable on the regular Excel solver. The main aim of the verification process was 

to make sure that the model was built as accurate as possible. 

3.3.5 Validation 

The model validation process was done to ensure that the model used was indeed a good model 

to estimate the estimated travel time. The validation process done took the results obtained 

from the improved model and compared these results to those obtained using real-life data from 

the clean timetable in addendum B while receiving input from the Scheduling department to 

confirm the accuracy of the results. The main aim of the validation process was to ensure that 

the model used was the correct model and provided correct estimates of the travel time. The 

full description of this process is discussed in section 5.3.5.  

3.4    Input data 

This section contains input data collected from Transnet. 

3.4.1 Line variables 

A summary of the line characteristics is found in Table 2. Although the line is considered a 

double line, it consists of only one track of trains going up from Durban to Rietvallei and one 

track of trains from Rietvallei to Durban. The average speed of the most of the trains is 50km/h, 

however there are shorter trains that run at speeds that reach 80km/hr. The 50 km/hr is used to 

accommodate the longer trains which travel at lower speeds. It has been tested and verified that 

decreasing the current speed for the 40–65 wagon trains makes decreasing headways possible, 

and the slower the train the shorter the time it takes to slow and cool down to a stop, so implying 

shorter headways (Transnet, 2019). However, decreasing the speed causes an increase in delays 
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and therefore the research will test the implications of decreasing the train running times on 

the corridor and how it will affect delays, headways and capacity on the NatCor line.  

Table 2: A summary of the NatCor line characteristics. 

Line Characteristics 

Line type Double track line 

Average train running time (between 

Johannesburg and Durban) 

20 hours 

Average operating speed 50 km/h 

Axle load 20 ton/axle 

Number of train slots 72 slots (20 minute intervals on the 

lines to schedule trains)  

Table 3 lists the NatCor line section divisions. 

Table 3: The NatCor line sections and length (Transnet, 2019). 

Section Distance 

Rietvallei to Perdekop 189 km 

Perdekop to Newcastle 107 km 

Newcastle to Glencoe 68 km 

Glencoe to Danskraal 64.31 km 

Danskraal to Marianhill 267 km 

Marianhill to Booth 20.75 km 
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These sections have different capacity slots available. This is because of the number of 

temporary speed restrictions on the different sections and trains that join the NatCor from 

feeder lines on those sections, which are shown in Figure 5. Transnet has identified the critical 

points on the line where most delays occur to be the sections between Glencoe and Marianhill. 

The Danskraal–Marianhill section, in particular, has passenger trains operated by PRASA 

(Passenger Rail Agency of South Africa) joining the line at Cato Ridge going to Durban. This 

causes more delays for Transnet trains.  

3.4.2 Train types 

The trains running on the NatCor range from 25 to 105 wagons. Depending on the size of the 

train, they run at different speeds and have different headway times. The shorter trains, at 25–

75 wagons have a headway time of 20 minutes. Trains longer than 75 wagons have a headway 

time of 30 minutes. This because the longer the train, the more time it takes to slow down and 

cool off when coming to a stop. 

The types of trains running on the NatCor line are also be differentiated by the types of wagons 

they use, and the commodities being carried in the wagons. There are different commodities 

running on the line. These range from jet fuel, motor vehicles, coal, manganese ore, cement, 

bulk products, iron ore and lime to steel – and there are two passenger trains that run on the 

NatCor. The types of trains are listed in Addendum A and Figure 18 shows the number of trains 

on the schedule classified by commodity.  
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Figure 20: Train types classified by comby commodity 

From Figure 20, it is evident that container trains take up most of the capacity on the line. These 

are 50 wagons trains that end up at the Durban Container Terminal. Classification of the trains 

by lengths is shown in Figure 21. From the graph, most capacity on the line is taken up by the 

40 and 50 wagon trains. The 50 wagon trains are the container trains that the company has 

stated that it plans to make longer in the future. 
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Figure 21: A classification of trains by length 

 

3.4.3 Train slots 

Only 65% of the total 72 slots is currently used for freight services after considering the slots 

lost to the temporary speed restrictions and slots reserved and used for maintenance. This leaves 

an average of 39 slots available on the NatCor line per day. Figure 16 explains the slot losses 

and shows the availability of slots on the NatCor line. 

The lack of available capacity slots on the NatCor currently poses a problem for the rail 

company. This, together with the delays experienced on the line, causes capacity over a 24-

hour period to drop even further. The drop in capacity means the company cannot meet its 

demand requirements. 
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Addendum A shows the current timetable of trains going from Rietvallei to Durban. It consists 

of 67 trains that run over a 24-hour cycle. This means that with the current available capacity 

on the line, shown in Figure 22, 28 trains on the timetable cannot be accommodated on the 

corridor.  
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Figure 22: The NatCor slots availability analysis (Transnet, 2019).
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3.4.4 Current train schedule 

Figure 23 illustrates the portion of the current schedule where trains are running from Rietvallei 

to Newcastle. The lines running down diagonally from the left- to the right-hand-side represent 

the trains moving from Rietvallei to Newcastle (and some eventually moving to Durban). The 

trains are labelled in the yellow blocks on the diagram. The time from 00:00 to 24:00 is shown 

on the x-axis and all the stations passed by the trains between Rietvallei and Newcastle are 

written in blue on the y-axis. Rietvallei is the top station and Newcastle is at the bottom. 

A comparison of the timetable in Addendum A and the schedule in Figure 23 reveals that some 

trains are missing on the schedule and there are trains on the schedule that are missing on the 

timetable. This is because the company is using an old schedule and is just adding new trains 

without removing old trains with cancelled services on the line – as explained in Chapter 1 and 

Chapter 3. 

3.4.5 Final train schedule 

The final timetable (cleaned and free from duplications) for the NatCor line and which was 

used in the model calculations is shown in Addendum B. 

The new timetable shows a significantly lower number of trains on the NatCor line. These 

trains are more than the current available capacity on the NatCor line and therefore still cannot 

all be accommodated on it. The average travel times for these trains between the six sections 

on the line can be found in Table 4, where M is an arbitrarily large number



67 

 

 

 

Figure 23: Current NatCor train schedule diagram (Transnet, 2019). 
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Table 4: Current average travel times for trains on the NatCor. 
 

Rietvallei Perdekop Newcastle Glencoe Danskraal Marianhill Durban 

Rietvallei M 3.4 5.68 6.91 9.08 15.3 15.88 

Perdekop 3.4 M 2.28 3.51 5.68 11.9 12.48 

Newcastle 5.68 2.28 M 1.23 3.4 9.62 10.2 

Glencoe 6.91 3.51 1.23 M 2.17 8.39 8.97 

Danskraal 9.08 5.68 3.4 2.17 M 6.22 6.8 

Marianhill 15.3 11.9 9.62 8.39 6.22 M 0.58 

Durban 15.88 12.48 10.2 8.97 6.8 0.58 M 

 

Using, jTrainGraph v3.4.1, a software tool that enables users to create train schedules using 

train timetables, a train schedule diagram was produced for the timetable in Addendum B 

(jTrainGraph, 2021). The schedule is illustrated in Figure 24. The times are on the x-axis 

running from 00:00 until 24:00. The main stations for the different sections are on the y-axis 

and the train labels are shown on the graph diagram. The trains run from left to right. 

The schedule shown in Figure 24 highlights a significant gap between some of the trains, which 

means there is enough headway time and not as much congestion as was evident in Figure 23.  

This makes it possible to run longer trains or to add more trains to meet demand for the rail 

company. There are some trains which run in close proximity to each other, and this is because 

of the maintenance slots illustrated in Figure 22. The maintenance slots take up capacity on the 

line and therefore cause the 43 trains to be closely scheduled. 
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Figure 24: Train schedule derived from a clean timetable.
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3.4.6 Train paths 

The next step in the data cleaning and sorting process involved tracing the different paths 

traversed by each train. Addendum C illustrates all the possible different paths that can be 

travelled by the trains through the different sections highlighted in Table 3 and the total distance 

of each possible path. From the data provided, there is a total of 31 possible path segments that 

a train can travel on the NatCor line. The table was generated using Python 3.9. A screen shot 

of the partial code is illustrated in Figure 25. 

 

Figure 25: A screen shot of part of the Python code used to calculate train paths. 

From the different path segments generated above, a set of paths P(t) was generated for 

different paths travelled by trains on the Natal Corridor. The set of paths shows how each train 
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is allocated to a specific path. This is summarised in Addendum D and part of the code to 

achieve this is shown in Figure 26.  

 

Figure 26: A screen shot of the Python, which assigns trains to paths 

Now that the relevant input data for the model has been cleansed, the formulation of the MILP 

model can begin. 
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4.  Model development 

In this section, the NatCor case study is modelled as a TTP and is converted to an equivalent 

VRPTW with homogeneous fleet to find an initial solution. The TTP was modelled using a 

MILP, which minimises the total delays experienced on the corridor.  

The model used the clean timetable data in Addendum B as an input and seeks to optimise the 

capacity on the corridor by minimising the delay experienced on the line. For the NatCor line, 

the implication of decreasing the headway time to run more trains on the corridor or increasing 

the headway time to run longer trains on the corridor was studied, and the implication for the 

forecasted capacity demand was investigated. 

4.1    Model assumptions 

The following assumptions were considered when formulating the MILP: 

• The average speed of trains on the line, which is 50 km/h to accommodate longer trains, 

is the running speed for all the trains. 

• The timetable repeats itself every 24 hours and all trains run every day. 

• Headway times are adhered to for the shorter trains as 20 minutes. 

• Headway times are adhered to for the longer trains as 30 minutes. 

4.2    Data sets, parameters and variables’ definition 

A definition and explanation for the sets and variables used in the models is provided in Table 

5. 

Table 5: Variables and parameters for the TTP model. 

Sets And Variables Definition 

𝐴𝑡 Arrival station of train t 

𝐵𝑡 Latest departure time for train t  (𝐸𝑡 +  𝑀𝑡) 



73 

 

𝐷𝑡 Departure station of train t 

𝐸𝑡 Estimated departure time of train t 

𝐼𝑡,𝑠 Earliest arrival of train t to station s  (𝐸𝑡 + 𝑓𝑡,𝑠) 

𝐿𝑡,𝑠 Latest arrival time for train t at station s 

𝑀𝑡 Maximum delay allowed for train t 

𝑋𝑡,𝑎 Arrival/departure arc of train t at time a 

𝑋𝑡,𝑠,𝑎 Delay arc of train t at station s and time a 

𝑓𝑡,𝑠 Travel time of train t to station s 

S Set of stations 

T Set of trains 

U Set of discrete time intervals 

X Set of arcs  

𝑃(𝑡) Path of train t 

The set of arcs X represents a set of all the arcs including the delay, departure and arrival arcs. 

This makes it a union for all the arc sets for all the trains in T and all times intervals 𝑎 ∈ 𝑈 

(shown on the table as time instances). 

In a 24-hour period there is a set of arcs X that connects to different nodes on the corridor, 

starting from a departure node which represents the origin station of the train to an arrival node 

which represents the destination station of the train. This arc and node combination represents 

a path of the train on the line. Therefore, for each train 𝑡 ∈ 𝑇 there is at most one path on the 

line. 
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4.3    The MILP Formulation  

The final TTP model developed was a hybrid model using some elements from the TTP models 

developed by Liu and Han (2016) and Stanojević et al. (2010). The objective of the model was 

to minimise the total delay experienced by the trains on the Natal Corridor. The VRPTW model 

was developed from an adaptation of the model in Chapter 2 (Akgül, 2020). 

The MILP is formulated to model the TTP of the NatCor, which is a double track line. The 

model seeks to minimise the delay 𝑑 for every path 𝑝 ∈ 𝑃  traversed by the by train 𝑡 ∈ 𝑇. 

Ideally, for all train paths, the train would depart its origin station at the earliest possible time 

and any time deviation from that departure time should be kept to a minimum. Thus, making 

the final model: 

Minimise z =   ∑ ∑ 𝑑𝑝𝑥𝑝𝑝∈𝑃𝑡𝑡∈𝑇      (22) 

subject to  ∑ 𝑥𝑝 ≤ 1     ∀𝑡 ∈ 𝑇𝑝∈𝑃𝑡
   (23) 

   ∑ 𝑋𝑡,𝑎
𝐵𝑡
𝑎=𝐸𝑡  ≤ 1   ∀𝑡 ∈ 𝑇    (24) 

   ∑ 𝑋𝑡,𝑎
𝐿𝑡,𝑠

𝑎=𝐼𝑡,𝑠  ≤ 1  ∀𝑡 ∈ 𝑇     (25) 

  𝑥𝑝 =  {
1 if the the path 𝑝 for train 𝑡 is scheduled
0 otherwise                                                        

(26) 

   𝑥 ∈ (0.1),   ∀𝑥 ∈ 𝑋    (27) 

Where the delay d can be calculated as 

 𝑑𝑝 = ∑  (𝑎 −  𝐸𝑡) ∗ 𝑋𝑡,𝑎 +  ∑ 𝑋𝑡,𝑠,𝑎
𝐼𝑡,𝑠+𝑀𝑡

𝑎=𝐼𝑡,𝑠

𝐵𝑡
𝑎=𝐸𝑡   

The calculation for d is found using the scheduled timetable for the trains as well as the actual 

real-time data for the trains to obtain the total deviation. 𝑥𝑝 are the axillary binary variables 

used to represent whether train t travels on the specified path p.  

Constraint set (23) enforces that each train traverses only one path p in a 24-hour cycle. 

Equation set (24) ensures that for each train there is a unit outflow from its departure node to a 

node, which is the copy of its origin station. This happens at a time within the train’s possible 
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departure window and tracks dwell times at each node. The constraint set of equation (25) 

ensures that, for each train, there is a unit flow from one of the nodes, which is the copy of its 

destination node to its arrival node. The Final 2 constraint sets declare 𝑥𝑝 as a binary variable 

and set the arcs x ∈ X as binary values. 

The initial feasible solution for the TTP model, determined for the NatCor, will be sought out 

by converting the TTP model into an equivalent VRPTW. The conversion is a result of the high 

level of complexity of the TTP and its relation to the VRP, and the ease of solving the VRP 

compared to the TTP. 

4.4    Converting the TTP to a VRPTW 

Now that the TTP model has been formulated, the model is converted to an equivalent VRPTW 

to find an initial feasible solution. 

The TTP can then be converted using the following logic: 

• The set of trains represents the fleet of vehicles. 

• The depot would be represented by the origin station for each train. 

• The number of customers visited – this is just the destination point of each vehicle 

which will then be the equivalent of different destination stations for each train. 

• The time interval and time windows are represented by the recorded departure and 

arrival times for each train from their origin to the destination points, as shown in the 

timetable. 

Akgül developed a VRPTW model similar to that of Kallehauge (2006) in the literature review. 

An adaptation of this model was used to formulate the TTP as a VRPTW with homogenous 

fleet. It is important to note that an adaptation of the model was used because some of the 

constraints from the model were not relevant for the converted TTP. This model can be found 

in section 2.5.1. 

In his work, Akgül (2020) then further converts the VRPTW with minimisation of cost into a 

VRPTW, where the total elapsed time is minimised. 

The new complete model is given as: 
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𝑚𝑖𝑛𝑖𝑚𝑖𝑠𝑒 𝑧 = ∑ ∑ ∑ 𝐸𝑇𝑖𝑗𝑥𝑖𝑗𝑘𝑗∈𝑁𝑖∈𝑁𝑘∈𝑉            (28) 

∑ ∑ 𝑥𝑖𝑗𝑘𝑗∈𝑁𝑘∈𝑉 = 1     ∀𝑖 ∈ 𝐶       (29) 

∑ 𝑥𝑖ℎ𝑘𝑖∈𝑁 = ∑ 𝑥ℎ𝑗𝑘𝑗∈𝑁      ∀𝑘 ∈ 𝑉, ∀ℎ ∈ 𝐶     (30) 

𝑎𝑖 ≤ 𝑔𝑖𝑘 ≤ 𝑏𝑖       ∀𝑖 ∈ 𝑁 , ∀𝑘 ∈ 𝑁      (31)  

∑ ∑ ∑ 𝑥𝑖𝑗𝑘𝑗∈𝑁𝑖∈𝑁𝑘∈𝑉  ≤ U        (32)  

𝑥𝑖𝑗𝑘 ∈ {0,1}     ∀𝑖, 𝑗 ∈ 𝑁 , ∀𝑘 ∈ 𝑉      (33) 

This total elapsed time (𝐸𝑇𝑖,𝑗 ) is given by the travel time (𝑡𝑖,𝑗  ), which is calculated by using 

the average speed the train travels at and the distances between the different stations and the 

waiting time at the customer. This can be seen as the equivalent of the total delay 𝑑𝑝  in regard 

to the TTP model. 

Constraint set (29) correlates with constraint set (14) on the original VRPTW. It is equivalent 

to the constraint set (23) on the TTP, which states that a train can only traverse a certain path 

once, but the big difference is that more than one train can travel the same path. Therefore, the 

new model conversion for constraint set (32) would be an equality where the summation of 

𝑥𝑖𝑗𝑘 ≤ U (where U is the total number of trains, in this case 43. This is because all the trains on 

the line have a possibility of traversing the same path). This is an important and unique 

constraint set for the NatCor because most trains on the NatCor have the same path this 

constraint ensure that the paths summation does not exceed the total number of trains. 

Constraint set (30) corresponds with constraint sets (24) and (25) in the TTP model and ensures 

that the vehicle will depart from the same customer where it arrived (similar to how the trains 

will depart from the stations from which they had previously stopped). This makes the paths 

traversed by the trains/vehicles easily traceable. The final constraint (33) assigns the arcs 𝑥𝑖𝑗𝑘 

to binary values. 

The waiting time at each customer is calculated as follows: 

𝑤𝑗𝑘 =  𝑀𝑎𝑥 (𝑏𝑗  ∗ 𝑥𝑖𝑗𝑘 − 𝑔𝑖𝑘 − 𝑡𝑖𝑗 − (𝑏𝑗  +  𝑔𝑗𝑘)  ,  0)   (34) 

The models were set and are ready to be solved.  
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5.  Results 

In this chapter, the input data in Chapter 3 was inserted into the models developed in Chapter 

4 and the results are reported. The results were obtained using the CBC algorithm built into 

MS Excel Open Solver. This method was used by Akgül (2020). 

The method starts by creating a time matrix, which records the maximum time it takes to travel 

through the different NatCor line sections, while traveling at a specified speed. Schedules of 

the trains using the data from the travel time matrices were created for the NatCor.  

The average real-time delay was then calculated using the timetable in Addendum B and actual 

real-time departure and arrival times to and from the applicable origin-destination pairings. 

This average real-time delay was recorded in Table 7. 

The total travel time calculated by solving the MILP was recorded and time intervals (with 

minimum delays) were estimated for each train. The model was then verified and validated 

with real time data results from the clean time table. 

The initial solution to the model was then improved by using the TS algorithm to find better 

estimates for the total travel time for each path. 

5.1    Time matrices 

There are different train types running on the NatCor line and these trains run at different 

speeds. The estimated average speed for trains running on the NatCor is 50 km/h. The 

maximum travel time for trains between each section, using the average speed of 50km/h, was 

calculated using the formula of Akgül (2020): 

𝑡𝑖𝑚𝑒 (𝑖𝑛 ℎ𝑜𝑢𝑟𝑠) =
𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒

speed
    (35) 

The results were recorded in Table 6, where M is an arbitrarily large number. These results 

were compared to the results in Table 4. It is clear that the current average travel times (in 

hours) in Table 4 are higher than those estimated and recorded in Table 6. It is evident that the 

longest delays are experienced on the critical sections between Glencoe and Marianhill. This 

agrees with the critical points identified by Transnet. 
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Table 6: Travel times between stations (in hours). 
 

Rietvallei Perdekop Newcastle Glencoe Danskraal Marianhill Durban 

Rietvallei M 3.78 5.92 7.28 8.57 13.91 14.32 

Perdekop 3.78 M 2.14 3.5 4.79 10.12 10.54 

Newcastle 5.92 2.14 M 1.36 2.65 7.99 8.4 

Glencoe 7.28 3.5 1.36 M 1.29 6.62 7.04 

Danskraal 8.57 4.79 2.65 1.29 M 5.34 5.76 

Marianhill 13.91 10.12 7.99 6.62 5.34 M 0.42 

Durban 14.32 10.54 8.4 7.04 5.76 0.42 M 
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Figure 27: Schedule using distance matrix. 
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The schedule in Figure 27 is of a perfect scenario where no delays are taken into consideration 

and trains are assumed to be running at the calculated maximum travel time. This is the reason 

Figure 27 illustrates larger time intervals between the trains than those intervals in Figure 24. 

The results in Figure 27 create two options for Transnet: 

i) Keep the intervals longer than the required 20 minutes of headway to accommodate 

an increased train length for container trains. 

ii) Schedule more container trains of the current size. 

The risk of leaving this schedule with little to no delays is that there is no buffer time for trains 

should unexpected events happen on the NatCor line that could lead to delayed operations on 

the line. 

5.2    Timetable results 

Table 7 contains the recording of average delays for each train on the clean and sorted 

timetable, over the past 12 months. The delay for each train was calculated using the train’s 

actual real-time departure and arrival times to and from their respective origins and 

destinations. The delay was calculated by subtracting the actual departure and arrival times 

from the scheduled times given in the timetable. The total delay for the trains excludes the 20-

minute headway time. 

Table 7: Train delays experienced in real-time. 

Train 

number 
Origin Destination 

Average 

delay 

(minutes) 

T1 8813 Rietvallei Durban 23 

T2 8815 Rietvallei Durban 7 

T3 5901 Rietvallei Durban 31 
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T4 5949 Rietvallei Durban 62 

T5 6461 Rietvallei Durban 15 

T6 8901 Rietvallei Durban 22 

T7 5997 Rietvallei Durban 33 

T8 8909 Rietvallei Durban 66 

T9 8945 Rietvallei Durban 17 

T10 6455 Rietvallei Durban 23 

T11 8981 Rietvallei Durban 75 

T12 8903 Rietvallei Durban 12 

T13 8905 Rietvallei Durban 74 

T14 8973 Rietvallei Durban 15 

T15 8911  Rietvallei Durban 40 

T16 8983 Rietvallei Durban 90 

T17 8917 Rietvallei Durban 22 

T18 8921 Rietvallei Durban 54 

T19 8947 Rietvallei Newcastle 29 
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T20 8959 Rietvallei Durban 18 

T21 8939 Rietvallei Durban 123 

T22 8923 Rietvallei Durban 19 

T23 6453 Rietvallei Newcastle 45 

T24 8511 Rietvallei Newcastle 25 

T25 8955 Rietvallei Newcastle 100 

T26 5041 Rietvallei Durban 61 

T27 6451 Rietvallei Durban 90 

T28 6431 Rietvallei Newcastle 55 

T29 6455 Rietvallei Newcastle 30 

T30 6453 Rietvallei Newcastle 99 

T31 6467 Rietvallei Durban 83 

T32 6275 Rietvallei Durban 59 

T33 1571 Rietvallei Durban 55 

T34 6431 Rietvallei Durban 27 

T35 6201 Newcastle Durban 11 
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T36 5519 Newcastle Durban 23 

T37 1451 Newcastle Durban 58 

T38 6203 Newcastle Durban 18 

T39 5955 Danskraal Durban 100 

T40 5537 Danskraal Durban 76 

T41 5201 Danskraal Durban 20 

T42 2611 Danskraal Durban 12 

T43 6401 Danskraal Durban 58 

After the delays and the routes were calculated, the different variables and parameters were 

inserted into the developed MILP models.  

5.3   MILP models’ results 

5.3.1 Results from the model using Table 6  

On an MS Excel spreadsheet, each train/vehicle is assigned a path table, which shows a “1” 

representing the path where the train has traversed, and zero elsewhere. These tables represent 

the decision variable 𝑥𝑝 in the TTP and 𝑥𝑖𝑗𝑘  in the VRPTW. 
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Figure 28: A screenshot of the 𝒙𝒊,𝒋 matrix for train T1 

 

The next step was to calculate the average travel time for the trains. This was done using five 

trains at a time because the software crashed when trying to calculate many variables at once. 

The average travel time was calculated using the results in Table 6 and the delay times in Table 

7 were used as the waiting times. These values were used for the calculation of  𝐸𝑇𝑖𝑗as 

illustrated in Figure 29. 

 

Figure 29: A screenshot of the variables, constraints and objective function. 

 

The initial feasible solution for the VRPTW model in Chapter 5 shows that the value of the 

objective function in equation (28) is 523.397 hours. This is calculated using the sumproduct 

of the train path tables and the calculation for 𝐸𝑇𝑖𝑗, which includes the delay matrices.  
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These results represent a theoretical travel time usng the speed at which the trains travel and 

distance between the origin and departure station. The results do not take into account the delay 

incurred by the trains at signal points as well as the extra time trains use for accelerating and 

slowing down to stop. This is addressed in the validation process in section 5.4 

5.3.2 Results from clean timetable data 

Using the timetable in Addendum B, the average travel time (summarised in Table 4) and the 

delay time in Table 7 provided an estimation for the value of the objective function as 576.2237 

hours. This was calculated using the same method as the one provided in section 5.3.1 and just 

replacing the different parameter values with the clean timetable. 

These results mean that the current timetable has a maximum total time elapsed of 576.2367.22 

hours for all the trains. This is 52.839 hours more than the initial feasible solution obtained in 

section 5.3.1. This means that the NatCor is currently running at a total delay value of 2.20165 

days compared to the initial feasible solution. 

It is important to note that with the current travel time windows, it would be impossible for the 

longer trains to be run because of the added delay caused by these time windows compared to 

the improved model. A suggestion would be for the company to study the timetable and to 

make some adjustments to run more optimal schedules using the initial feasible solution.  

Running longer trains and/or increasing headway times is also highly dependent on the trains 

running on time and therefore sticking to the allowed delays and using that as a buffer time. 

From the Raw data provided by the company, the trains have not been departing at scheduled 

times and because the timetables used by the company are not robust, the delays accumulate.  

 

5.3.3 Results using the old timetable 

The old timetable referred to in this section is the raw data timetable using the trains listed in 

Addendum A. The timetable was provided by the company and has been used by the company 

for past 10 years only adding trains as the years have gone. This timetable has 67 trains 

scheduled to travel on the NatCor. Using the same travel time matrix on Table 4 and the same 
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method explained in section 5.3.1 the estimated total travel time for trains on the old timetable 

is 892.68 hours.  

 

Figure 30: A summary of the results  

Figure 30 shows a significant difference in the total travel times between the old timetable, the 

clean timetable and the model travel times. The model has the lowest total travel time. The old 

timetable is congested and contains discontinued and duplicated trains. The company has been 

using this schedule not realising that capacity slots have been taken up by trains that are no 

longer in service. Cleaning the timetable made a significant difference. 

5.3.4 Model verification 

The first step in model verification was to ensure that the purpose of the model and problem 

definition align. The model’s objective function is to minimise the total elapsed time of trains, 

which is the sum of the total travel time and delays recorded. The elapsed time for trains 

informs how long the trains take up capacity on the line. Minimising the total elapsed time will 

help unlock more capacity slots to accommodate more or longer trains. 
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The model was then checked to confirm that none of the assumptions listed in section 4.1 were 

violated. The verified input data and the constraints ensure this. 

The model was programmed in MS Excel Open Solver, which is able to handle more variables 

than the normal Excel Solver, and was tested to check if the infeasibility caused by changing 

some constraints would be detected.  

5.3.5 Model validation 

When comparing the results obtained from the model with those obtained from the current 

verified timetable in Addendum B, as expected the improved model yields a lower elapsed time 

for trains on the NatCor. This is because the model travel times exclude time that should be 

scheduled for braking, acceleration, deceleration at temporary speed restriction points and 

stopping at signals, as well as excluding stations where drivers are changed for book-off. Figure 

22 in section 3.4.3 recorded 11 slots lost to temporary speed restrictions. This equates to 11*20 

= 220 minutes (3.67 hours) added delay not accounted for in the model.  

The accounting for the delays caused by sharing part of the line with commuter trains run by 

PRASA was also not considered. The Transnet LTPF (2019) states that passenger trains move 

faster than freight trains and, because of this, it is estimated that a passenger train uses 1.3 times 

freight train operational slots when sharing the network. The number of PRASA trains that run 

on the NatCor vary between peak and off-peak times. 

 The Transnet Scheduling as well as the Control and Signalling departments were consulted 

and it was found that there is a total of 26 signal points on the line which help control headway 

times. There are six main signals placed at the end of the sections identified in Table 3, where 

trains may be required to stop. Three to five minutes stopping time is allocated for each train 

at these signal points. The average braking and acceleration time for trains on the NatCor is 3.5 

minutes. This means that for the trains currently running, an average of 7.5 minutes (0.125 

hours) must be added for every end of section signal the train passes. 

With all the above taken into consideration the new estimated travel time matrix for the model 

is illustrated in Table 8. 
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Table 8: A matrix of new estimated travel times. 
 

Rietvallei Perdekop Newcastle Glencoe Danskraal Marianhill Durban 

Rietvallei M 3.91 6.17 7.66 9.07 15.21 15.62 

Perdekop 3.91 M 2.26 3.75 5.29 11.42 11.84 

Newcastle 6.17 2.26 M 1.485 2.90 9.29 9.71 

Glencoe 7.66 3.75 1.485 M 1.415 7.92 8.34 

Danskraal 9.07 5.29 2.90 1.415 M 6.64 7.06 

Marianhill 15.21 11.42 9.29 7.92 6.64 M 0.42 

Durban 15.62 11.84 9.71 8.34 7.06 0.42 M 

 

The estimated maximum total elapsed time (𝐸𝑇𝑖𝑗) using Table 8 yields a value of 571.9867. 

This new value is a better estimate of the objective value and differs to the real-time value by 

4.25 hours. When the capacity slots lost to temporary speed restrictions is added to this then 

the final  𝐸𝑇𝑖𝑗 is 571.9867 + 3.67 = 575. 6567 hours. The model provides a better estimate of 

the total elapsed time for trains on the NatCor and from the results it is evident that the model 

does what it is intended to do and behaves as intended when comparing it to the results obtained 

by Akgül (2020). A comparison of the timetables and the improved model with the times added 

is given illustrated in Figure 30. 

 

5.4  Results using the Tabu Search metaheuristic 

Section 5.3 provided an initial feasible solution to the MILP model. In this section the TS is 

used to improve the initial feasible solution. The TS is an algorithm usually used to calculate a 
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minimum distance that can be travelled between cities. In this research the algorithm was 

implemented using a TS algorithm for the Traveling Salesman Problem programmed on MS 

Excel and it calculates the minimum estimated travel time for all the different routes traversed 

by the trains on the NatCor. A step-by-step guide of how the algorithm is executed is shown in 

Figure 31. 

 

Figure 31: TS algorithm steps 

The algorithm is initialised by setting the different parameters and entering the relevant path as 

the initial tour.  The travel time matrix in Table 8 was used as the "distance matrix” with the 

big M values replaced by blank spaces. The algorithm calculates the length of the tours using 

the Nearest Neighbour Heuristic (NNH) and searches for a better solution after 20 iterations. 

A screen shot of the first iterations of algorithm for the Rietvallei to Durban path is provided 

in Figure 32. 
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Figure 32: Iterations for the Rietvallei to Durban path 

It is important to note that the calculation of the path includes an extra 15.62 hours that was 

added to close off the tour. With this extra travel time removed the total average travel time 

from Rietvallei to Durban is calculated as : 

28 − 15.62 = 12.38 hours    (35) 

This is a 3.24 hour travel time difference improvement. 

The minimum travel time for trains travelling from Rietvallei to Newcastle was calculated 

only using the NNH because the TS requires the path to have more than 3 cities visited. The 

travel time matrix for this path is found in Table 9. The results from the NNH were 6.17 

hours. 

 

Table 9: Travel time matrix for the path from Rietvallei to Newcastle 

City Rietvallei Perdekop Newcastle 

Rietvallei 

 

3.91 6.17 

Perdekop 

  

2.26 
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Newcastle 6.17 

  

 

Next the minimum travel time for the Newcastle to Durban path was calculated using the 

matrix in Table 10.  

Table 10: Travel time matrix for the path from Newcastle to Durban 

City Newcastle Glencoe Danskraal Marianhill Durban 

Newcastle  1.485 2.90 9.29 9.71 

Glencoe   1.415 7.92 8.34 

Danskraal    6.64 7.06 

Marianhill     0.42 

Durban 9.71     

A screen shot of the calculation for the path on MS Excel is shown in Figure 33 

 

Figure 33: Iterations for the Newcastle to Durban path 
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The travel time calculated was 17 hours which includes a tour from Durban to Newcastle to 

close of the path for the algorithm. Removing this tour resulted in a minimum travel time of 

7.29 hours, which is a 2.42 hour improvement. 

The final path traversed by trains on the Natcor runs from Danskraal to Durban. The travel 

time matrix for the path is given in Table 11. 

Table 11: Travel time matrix for the path from Danskraal to Durban 

City Danskraal Marianhill Durban 

Danskraal 

 

6.64 7.06 

Marianhill 

  

0.42 

Durban 7.06 

  

Similar to the calculation for the minimum travel time from Rietvallei to Newcastle, the 

minimum travel time for trains travelling from Danskraal to Durban was calculated only 

using the NNH because the TS requires the path to have more than 3 cities visited. The 

resulting minimum travel time was 7.06 hours which is the same as the results in section 

5.3.5 

To obtain the final solution from the TS it is important to recognize that there is more than 

one train traversing each of the identified paths. Thus, to calculate the total travel time for all 

the trains, the total number of trains traversing each path need to be summed up and 

multiplied by the travel time corresponding to the particular path. There are 22 trains 

scheduled to travel from Rietvallei to Durban, 7 trains scheduled to travel from Rietvallei to 

Newcastle, 4 trains scheduled to travel from Newcastle to Durban and 5 trains schedules to 

travel from Danskraal to Durban. The resulting the minimum travel time for all the trains is: 

27 ∗ 12.38 + 7 ∗ 6.17 + 4 ∗ 7.29 + 5 ∗ 7.06 = 441.91 hours  (35) 

This result is a further improvement of the initial solution found in section 5.3.5. The result is 

a 134.3137 hours improvement on the results from the clean timetable and a final comparison 

is shown in Figure 34. 



93 

 

 

Figure 34: A comparison of all results obtained for the minimum total travel time 

 

5.5  Results interpretation 

From the results it is evident that the reason the company has been unable to unlock more 

capacity slots on the NatCor is because of the lack of updates made to the schedules and 

timetables over the past 10 years. The company had deemed it almost impossible to meet the 

demands forecast in the LTPF for the next 5-35 years and had investigated how adding more 

tracks on the line would improve the capacity and when the improvement could be 

implemented. Table 12 shows that the improvement in the total travel time for the trains 

achieved by cleaning up the current schedule resulted in a 35.45% reduction in the total travel 

time. This opened up multiple capacity slots taken up by trains no longer running on the line 

as well as slots taken up by duplicated trains. 
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Table 12: Total travel time improvement 

Timetable/model 

type 

Minimum travel 

time in hours 

Improvement in 

hours 

Improvement 

percentage 

Old timetable 892.680 - - 

Clean timetable 576.224 316.456 35.45% 

Improved model 575.560 317.030 35.51% 

TS model 441.910 450.77 50.50% 

Further improvement was achieved using the VRP model and the resulting travel times for each 

path were used as an initial feasible solution to the TS. The algorithm further improved the 

travel times and reduced the delays incurred by the trains. The TS result was a 50.50% 

improvement on the current congested timetable, reducing the total travel time by a total 450.77 

hours. 

A further reduction to the travel time can be achieved through recovery of the capacity slots 

lost to sharing part of the corridor with PRASA passenger commuter trains. These trains take 

up a significant amount of capacity especially during peak travel times. The company has 

started investigating ways to recover the slots with the main ones being constructing a new 

track and removing the freight trains from that track and negotiating with PRASA to use the 

track exclusively.   

From the results it is evident that the model has fulfilled what the research was trying to 

achieve. The capacity was optimised through minimising the delays incurred as trains travel on 

the NatCor.  

5.6  The theoretical effect of the improved timetable on the DCT 

The DCT currently experiences long train and truck dwell times. The dwell times are estimated 

to be five days long. A contribution to these long dwell times is the lack of available 

infrastructure capacity at the DCT.  
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Pier 1 at the DCT currently has three tracks, which can each accommodate trains up to 50 

wagons long. These trains are currently being loaded and unloaded with one crane. This creates 

a turnaround time of 5 hours and 4.8 trains are loaded and unloaded per day. 

Pier 2 has six tracks, which also accommodate trains up to 50 wagons long per track. Three of 

the tracks at Pier 2 are used for unloading, with three cranes unloading the trains. The other 

three tracks are used for loading the trains and this is done using three reach stackers. The 

turnaround time for trains at Pier 2 is also estimated at 5 hours and only 4.8 trains are loaded 

and unloaded at Pier 2. 

There are 43 trains scheduled to run on the NatCor line and 70% end up at the DCT. The DCT 

has no space or infrastructure to accommodate these trains, which causes congestion at the yard 

and leads to delays and long dwell times. 

Improving on the capacity of the NatCor by minimising the delays in total travel times for the 

trains may result in running longer trains. This means that the non-optimal operations currently 

experienced at the DCT will be affected even more negatively. The DCT currently has no 

infrastructure to accommodate trains longer than 50 wagons for loading and unloading. 

Continual improvement in the efficiency of the operations on the NatCor line and decreasing 

delays, and therefore adding more trains to the line, implies a much worse effect on the DCT 

because the DCT cannot currently handle an efficient and optimal NatCor schedule. This would 

force the company to invest in more infrastructure or to consider other options, such as 

increasing resources for DCT operations.  

On the other hand, as proven in Chapter 5, the NatCor timetables are currently scheduled with 

large delay times. This delay leads to further delays in operations at the DCT. The effects of 

delays of any kind at the DCT also in turn affect the NatCor because the longer trains dwell at 

the DCT the longer the delays, so causing a vicious cycle of delays modelled using a reinforcing 

causal loop diagram as follows: 
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Figure 35: A causal loop diagram of the NatCor and DCT delays. 

An intervention to optimise the capacity at the terminal is needed for the DCT. This can be 

explored using current infrastructure, like the NatCor line. The intervention can be done using 

the information obtained from the NatCor line optimisation results as inputs. 
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6. Conclusion and recommendations 

6.1    Conclusion 

There is currently a capacity shortage problem on the Natal Corridor, and with Transnet’s 

annual demand increases in the commodities running on the line, the company has considered 

expanding existing infrastructure by possibly adding another track on the corridor. However, 

the company has been somewhat reluctant to implement the expansion because of the elevated 

costs. This research was conducted in order to optimise capacity on the line with the existing 

infrastructure and looked mainly at the schedules encompassing infrastructure and train types. 

The research followed the guidelines of the seven-step operations research framework 

highlighted in Chapter 3. The framework is considered a reliable method and has often been 

used.  

The first step was to analyse the orientation of the problem. The primary objective of this step 

was to introduce the problem to the reader, so that they have a clear picture of the relevant 

issues. This step is covered in detail in Chapter 1. 

The second step was to define the problem. The objective here was to refine the deliberations 

further, from the orientation phase to the point where there is a clear definition of the problem, 

scope and objectives. This step was covered in Chapter 1 under the objectives and purpose of 

the research. This part of the research identified what the study was trying to achieve and the 

parts of the NatCor line that would be analysed. Section 3.1 highlighted the research approach 

used in the study. 

The third step was data collection. At this stage, the data was collected with the objective of 

translating the problem defined in the second phase into a model that can then be analysed 

objectively. This section was covered in Chapter 3. The process of how the data was collected 

was also explained in more detail. The NatCor line raw data contained a schedule, which was 

heavily congested, and with 67 trains running on an average delay of 45.93 minutes per train. 

This made it impossible for the company to consider running longer trains on the line and hence 

the suggestion to expand. However, from the cleaning and sorting of the data, it was found that 

many trains were no longer running on the corridor – but were still shown as taking up capacity 
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on the line. These trains were removed and an updated timetable of trains currently running on 

the line was constructed. The new updated timetable produced a diagram showing less 

congestion, even before minimising the delays using the developed MILP hybrid TTP and 

adapted VRPTW models. 

Models were then formulated in step 4 of the framework. This step also served as an 

achievement of objectives 1 and 2. The first objective listed in section 1.4 was to formulate the 

NatCor capacity problem as MILP mathematical models. The MILP formulated in this research 

was a TTP, which was a hybrid model formulated from using models by Liu and Han (2016) 

and Stanojević et al. (2010). The general TTP is a complex problem and is considered an NP-

hard problem to solve as-is. The TTP was thus converted into an equivalent VRPTW to be able 

to employ solution methods that are not complex.  

Objective 2 was to estimate the optimal capacity of the NatCor by using the branch-and-cut 

method through the COIN-OR branch and cut (CBC) algorithm to solve the formulated MILP 

models. This was achieved in step 5 of the framework, where a solution for the models is 

obtained. The solution method employed by this research was a technique developed by Akgül 

(2020). The author solved the VRPTW with homogeneous fleet by programming the model on 

Excel Open Solver using a CBC method. It is important to note that an adaptation of the model 

was used because some of the constraints from the model were not relevant for the converted 

TTP. A new schedule was constructed using the travel times in Table 6, while keeping the 

scheduled departure times the same. The new schedule diagram was less congested than the 

diagram in Figure 23. To achieve objective 3, the results obtained using the VRPTW were 

further improved by using the TS metaheuristic. The algorithm used the results from the 

VRPTW as an initial feasible solution. The initial feasible solution was improved in iteration 

zero of the algorithm where the NNH was used to calculate the minimum length, in hours, of 

the different paths traversed by trains on the line. 

In step 6, the model was validated and an analysis was done on the output. The first part of this 

analysis was to verify that the solution itself makes sense. The feasible solution followed the 

same trend as the model developed by Akgül (2020), which validated the model. The validation 

process also included adding back delays that were not part of the original model. The results 

of the improved model estimated the sum of average travel times was a minimum total travel 

time of 575.65 hours for the trains. The results were close to the real-time results calculated 
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using the clean timetable. This almost similar results validated that the correct model was 

implemented.  

The results from the clean timetable were higher than the improved model results. This could 

be part of the cause of current insufficient capacity being experienced on the NatCor line. 

Reducing the travel time intervals to the improved times could possibly free up some capacity, 

making it more possible to either increase headway time and run longer trains or add more 

trains of the current length to the line. 

Objective 4 was to compare the results from the model and the clean timetable to results 

obtained using past timetable. This was achieved in section 5.3.3 by using the old timetable in 

Addendum A as an input to the VRPTW and solving it to obtain the minimum estimated travel 

time. The results from the old timetable were compared to results obtained from the clean 

timetable and from the ideal model. The old timetable that has been used by the company for 

the past ten years yielded a result of 892.69 hours as the minimum travel time for the trains on 

the schedule.  This was significantly higher than the other three results as evident in Figure 36 

 

Figure 36: A graph summarising the final results 
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 A comparison of Table 4 and Table 6 showed that the longest delay difference on the line is 

experienced between Glencoe and Marianhill. This is exacerbated by the PRASA-operated 

passenger trains, which join the NatCor line at Cato Ridge. The company is currently exploring 

the possibility of constructing a new track in that region to recover slots lost from sharing part 

of the line with PRASA. 

The final step of the OR framework is the implementation and monitoring phase. This will be 

completed by the company should they wish to use the case study. This can be done by 

considering the effects the optimisation of the NatCor schedules will have on the DCT. 

In section 5.6 it was shown that with the above results it can be expected that the DCT will not 

be able to handle any capacity increases. This section also shows how objective 5 was achieved. 

Objective 5 was to determine the theoretical effects that the results can have on the DCT to 

assist in recommending future research that can be done on the NatCor line and the DCT. In 

section 5.6 it was determined that as it stands, the DCT is lacking on infrastructure and the 

infrastructure that it currently has needs to be updated. Running more or longer trains will only 

add to congestion currently happening at the yard, which could lead to further delays on the 

Corridor, so causing a long cycle of delays. 

The company has investigated expanding the infrastructure at Pier 1 and Pier 2. Other options 

have been to build a dry port at another location not too far from the connecting rail network. 

This would seem to be a more optimal approach than the current situation at the DCT. 

6.2    Recommendations 

This research has created an opportunity for future research into how operations at the DCT 

can be improved simultaneously with those of the NatCor. This would mean that the negative 

results from the NatCor capacity optimisation could be managed before spiralling out of 

control. In doing this, the delays in shunting, loading and offloading at the DCT could be 

managed and train turnaround times could be monitored and improved. 

The models formulated and used in this research can further be expanded into the networks and 

not just focus on a single line. This would help the company reconcile most of its operations 

on its rail network, because optimisation of one line will affect others where the lines connect 
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at certain points. Optimising multiple lines and corridors simultaneously will help save the 

company time and money.  

Research can also be further developed to create timetables that are more robust. From the 

literature, it can be shown that developing a more robust timetable ensures that even with delays 

there will be no knock-on effect and trains that are not delayed can operate as normal without 

incurring any delays.  
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Addendum A – Catalogue 

Train number Origin Destination Departure 

time 

Arrival 

time 

Commodity 

2611 (Flexi) T67 GUN BYD 00:15 19:21 Maize 

8921 (Mega) T27 KAZ KGX 00:40 19:03 Container 50 wagon 

5901 (Mega) T4 ISO FYN 01:25 20:49 Jet fuel empty 37 

wagons 

8981 (Flexi) T19 CDP KGX 02:10 20:33 Container 50 wagon 

6451 (Mega) T40 HZL WST 03:00 00:59 Manganese 65 

wagon 

6459 (Mega) T41 HZL COR 03:00 22:03 Manganese 65 

wagon 

8923 (Mega) T32 CPK KGX 03:10 00:02 Container 50 wagon 

8815 (Mega) T2 WED WST 03:30 22:26 Coal 50 wagon 

8561 (Flexi) T3 WED MWF 03:30 21:52 Steel 50 wagon 

1673 (Flexi) T33 PRZ PNT 03:55 23:59 Conditional 

8903 (Mega) T20 KAZ KGX 04:54 23:30 Container 50 wagon 

6461 (Mega) T10 Prz WST  04:55 01:28 Chrome 37 wagons 

6469/16469/26469 

(Mega) T11, 

T12,T13 

Prz Byd 04:55 00:51 Chrome 37 wagons 
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26467 (Mega) T39 NEC MWF  04:55 15:00 Manganese 50 

wagon 

8201/5201 (Flexi) 

T65/T66 

GUN BYD 04:55 22:46 Maize 32 wagon 

25537 (Flexi) T60 DSL FYN 05:20 13:01 Maize 32 wagon 

8551 (Flexi) T5 BIJ MWF 06:08 03:30 Steel 40 wagon 

8501 (Flexi)  T6 BIJ MWF 06:08 03:30 Steel 40 wagon 

18551 (Flexi) T7 BIJ BYD 06:08 03:30 Steel 40 wagon 

8503 (Flexi) T8 BIJ BYD 06:08 03:30 Steel 40 wagon 

5949 (Access) T9 SBG FYN 06:16 02:34 Access 28 wagon 

5519 (Access) T49 NCS BYD 07:00 17:44 Steel 40 wagon 

8997 (Flexi) T18 WAO  PNT  08:25 05:51 Motor cars 40 

wagon 

8905 (Mega) T21 CDP KGX 08:39 03:02 Container 50 wagon 

8931 (Flexi) T54 WKM WST 09:06 21:56 Coal 40 wagon 

8947 (Mega) T28 KAZ KGX 10:01 04:38 Container 50 wagon 

8973 (Flexi) T22 CDP KGX 10:39 05:02 Container 50 wagon 

6203 (Flexi) T53 BLG BYD 10:46 21:16 Coal 40 wagon 

1571 (Flexi) T48 STQ BYD 10:50 06:14 Granite and General 

40 wagon 

6425 (Mega) T37 PRZ NCY 11:50 22:15 Coal 

8939 (Mega) T31 CPK KGX 12:05 09:04 Container 50 wagon 



116 

 

6453 (Flexi) T44 BIJ Wykom 12:11 20:25 Empties 50 wagon 

5955 (Flexi) T55 GUN BYD 12:15 05:55 General and fuel 32 

wagon 

58955 (Flexi) T56 GUN MWF 12:15 05:55 General and fuel 32 

wagon 

55955 (Flexi) T57 GUN MWF 12:15 05:55 General and fuel 32 

wagon 

45955 (Flexi) T58 GUN KGX 12:15 06:10 General and fuel 32 

wagon 

6223 (Mega) T35 MTN NCY 13:00 20:44 Lime 40 wagon 

8511 (Flexi) T36 ISO NCY 13:15 22:23 40 wagons 

6401/1711(Mega)T

50, T51 

TLN BYD 13:20 01:51 Coal wagon 

8813 (Flexi) T1 WED WST 13:55 08:46 Coal 40 wagon 

8983 (Mega)) T24 CDP KGX 14:55 09:39 Container 50 wagon 

8959 (Flexi) T29 CPK KGX 15:10 11:58 Container 50 wagon 

8985 (Flexi) T30 CPK WST 15:10 12:15 Container 50 wagon 

6455 (Mega) T43 YIO NCY 15:40 18:49 Empty 105 wagons 

8901 (Mega) T14 KAF IPG 16:50 11:12 Motor cars 25 

wagon 

65537 (Flexi) T59 GUN BYD 18:13 12:46 Maize 32 wagon 

68937 (Flexi) T61 GUN BYD 18:13 12:46 Maize 32 wagon 
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58937 (Flexi) T62 GUN MWF 18:13 12:46 Maize 32 wagon 

48937 (Flexi) T63 GUN KGX 18:13 13:01 Maize 32 wagon 

58937 (Flexi) T64 GUN MWF 18:13 12:46 Maize 32 wagon 

76009 (Mega) T49 JHB DNP 18:40 09:10 Passenger 

5997 (Flexi) T15 KAF PNT 19:50 14:03 Conditional 

8911 (Access) T23 CDP KGX 20:00 14:23 Container 50 wagon 

6201 (Mega) T48 NCS MTV  20:30 06:36 40 wagons 

6431 (Mega) T42 YIO NCY 21:00 02:09 Ore 105 wagon 

5041 (Flexi) T45 STQ BYD 21:50 15:40 chrome 40 wagon 

6467 (Mega) T38 HZL WST 22:10 15:57 Manganese 65 

wagon 

1451 (Flexi) T52 NCY MWF 22:21 09:32 Steel  

8945 (Flexi) T17 WAO  PNT  22:30 20:10 Motorcars 45 wagon 

8917 (Flexi)) T26 KAZ KGX 22:30 16:53 Container 50 wagon 

6275 (Access) T47 STQ BYD 22:35 18:06 General 40 wagon 

6275 (Access) T46 ISO BYD 22:37 18:22 Sugar 40 wagon 

6223 (Mega) T34 LAC NCY 23:15 20:44 Lime 40 wagon 

8917 (Flexi) T25 NAS KGX 23:17 16:53 Container 50 wagon 

8909 (Mega) T16 ROS  PNT 23:20 21:03 Motorcars 30 wagon 
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Addendum B – Clean timetable 

Train 

number 
Origin Destination 

Departure 

time 

Arrival 

time 

T32 

6275 
Rietvallei Durban 00:40:00 18:05:30 

T18 

8921 
Rietvallei Durban 02:01:00 18:29:00 

T9 8945 Rietvallei Durban 02:25:00 19:25:30 

T11 

8981 
Rietvallei Durban 03:31:00 19:59:00 

T8 8909 Rietvallei Durban 04:00:00 20:28:00 

T2 8815 Rietvallei Durban 04:50:00 21:36:00 

T40 

5537 
Danskraal Durban 05:20:00 12:30:30 

T12 

8903 
Rietvallei Durban 06:15:00 22:56:00 

T22 

8923 
Rietvallei Durban 06:40:00 23:28:00 

T27 

6451 
Rietvallei Durban 07:14:00 23:52:00 

T5 6461 Rietvallei Durban 08:10:00 01:28:00 

T36 

5519 
Newcastle Durban 08:20:00 18:48:00 

T4 5949 Rietvallei Durban 09:30:00 03:13:30 

T25 

8955 
Rietvallei Newcastle 09:55:00 16:18:00 

T13 

8905 
Rietvallei Durban 10:00:00 02:28:00 

T38 

6203 
Newcastle Durban 10:46:00 21:16:00 

T3 5901 Rietvallei Durban 11:01:30 03:57:30 

T19 

8947 
Rietvallei Newcastle 11:22:00 21:24:00 

T14 

8973 
Rietvallei Durban 12:00:00 04:28:00 

T42 

2611 
Danskraal Durban 12:00:00 19:04:30 

T29 

6455 
Rietvallei Newcastle 12:25:00 18:44:00 

T10 

6455 
Rietvallei Durban 12:29:00 05:07:00 

T33 

1571 
Rietvallei Durban 13:00:00 05:58:00 
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T23 

6453 
Rietvallei Newcastle 14:20:00 20:39:00 

T30 

6453 
Rietvallei Newcastle 14:20:00 20:39:00 

T1 8813 Rietvallei Durban 15:15:00 07:56:00 

T21 

8939 
Rietvallei Durban 15:30:00 08:30:00 

T41 

5201 
Danskraal Durban 15:30:00 22:31:30 

T24 

8511 
Rietvallei Newcastle 15:43:00 22:02:00 

T16 

8983 
Rietvallei Durban 16:16:00 09:04:30 

T6 8901 Rietvallei Durban 16:34:00 10:15:30 

T20 

8959 
Rietvallei Durban 18:30:00 11:24:00 

T43 

6401 
Danskraal Durban 18:30:00 01:35:00 

T34 

6431 
Rietvallei Durban 19:40:00 08:50:30 

T28 

6431 
Rietvallei Newcastle 19:45:00 02:04:00 

T35 

6201 
Newcastle Durban 20:30:00 06:44:00 

T7 5997 Rietvallei Durban 21:00:00 13:28:00 

T15 

8911  
Rietvallei Durban 21:21:00 13:49:00 

T31 

6467 
Rietvallei Durban 22:03:30 16:01:00 

T37 

1451 
Newcastle Durban 22:30:00 09:15:30 

T39 

5955 
Danskraal Durban 22:30:00 06:02:00 

T26 

5041 
Rietvallei Durban 22:48:30 16:42:00 

T17 

8917 
Rietvallei Durban 23:51:00 16:19:00 
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Addendum C – All Possible Paths on the NatCor 

 Route Code Origin Destination Distance (km) 

0 R0 Rietvallei Perdekop 189.00 

1 R1 Rietvallei Newcastle 296.00 

2 R2 Rietvallei Glencoe 364.00 

3 R3 Rietvallei Danskraal 428.31 

4 R4 Rietvallei Marianhill 695.31 

5 R5 Rietvallei Booth 716.06 

6 R6 Perdekop Newcastle 107.00 

7 R7 Perdekop Glencoe 175.00 

8 R8 Perdekop Danskraal 239.31 

9 R9 Perdekop Marianhill 506.31 

10 R10 Perdekop Booth 527.06 

11 R11 Newcastle Perdekop 107.00 
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12 R12 Newcastle Glencoe 68.00 

13 R13 Newcastle Danskraal 132.31 

14 R14 Newcastle Marianhill 399.31 

15 R15 Newcastle Booth 420.06 

16 R16 Glencoe Perdekop 175.00 

17 R17 Glencoe Newcastle 68.00 

18 R18 Glencoe Danskraal 64.31 

19 R19 Glencoe Marianhill 331.31 

20 R20 Glencoe Booth 352.06 

21 R21 Danskraal Perdekop 239.31 

22 R22 Danskraal Newcastle 132.31 

23 R23 Danskraal Glencoe 64.31 

24 R24 Danskraal Marianhill 267.00 

25 R25 Danskraal Booth 287.75 
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26 R26 Marianhill Perdekop 506.31 

27 R27 Marianhill Newcastle 399.31 

28 R28 Marianhill Glencoe 331.31 

29 R29 Marianhill Danskraal 267.00 

30 R30 Marianhill Booth 20.75 
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Addendum D – Train allocation to a path 

Train 

number 
Path Origin Destination 

T1 8813 R5 Rietvallei Durban 

T2 8815 R5 Rietvallei Durban 

T3 5901 R5 Rietvallei Durban 

T4 5949 R5 Rietvallei Durban 

T5 6461 R5 Rietvallei Durban 

T6 8901 R5 Rietvallei Durban 

T7 5997 R5 Rietvallei Durban 

T8 8909 R5 Rietvallei Durban 

T9 8945 R5 Rietvallei Durban 

T10 6455 R5 Rietvallei Durban 

T11 8981 R5 Rietvallei Durban 
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T12 8903 R5 Rietvallei Durban 

T13 8905 R5 Rietvallei Durban 

T14 8973 R5 Rietvallei Durban 

T15 8911  R5 Rietvallei Durban 

T16 8983 R5 Rietvallei Durban 

T17 8917 R5 Rietvallei Durban 

T18 8921 R5 Rietvallei Durban 

T19 8947 R5 Rietvallei Newcastle 

T20 8959 R5 Rietvallei Durban 

T21 8939 R5 Rietvallei Durban 

T22 8923 R5 Rietvallei Durban 

T23 6453 R1 Rietvallei Newcastle 

T24 8511 R1 Rietvallei Newcastle 

T25 8955 R1 Rietvallei Newcastle 
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T26 5041 R5 Rietvallei Durban 

T27 6451 R5 Rietvallei Durban 

T28 6431 R1 Rietvallei Newcastle 

T29 6455 R1 Rietvallei Newcastle 

T30 6453 R1 Rietvallei Newcastle 

T31 6467 R5 Rietvallei Durban 

T32 6275 R5 Rietvallei Durban 

T33 1571 R5 Rietvallei Durban 

T34 6431 R5 Rietvallei Durban 

T35 6201 R15 Newcastle Durban 

T36 5519 R15 Newcastle Durban 

T37 1451 R15 Newcastle Durban 

T38 6203 R15 Newcastle Durban 

T39 5955 R25 Danskraal Durban 
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T40 5537 R25 Danskraal Durban 

T41 5201 R25 Danskraal Durban 

T42 2611 R25 Danskraal Durban 

T43 6401 R25 Danskraal Durban 

 

 




