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ABSTRACT 
Traditionally, route planning in the transportation sector has only focused on minimizing the 
total distance driven when transporting goods or people. This is often done using software tools 
since planning the optimal route is a complex task that is hard to solve by hand. While driving 
the shortest distance possible is an effort towards lowering fuel costs, which is one of the largest 
operating costs for truck transportation companies, it is not necessarily the most fuel efficient 
route. Recently, research has emerged regarding fuel minimizing route planning in order to 
perform transport operations at the lowest fuel cost possible. One factor contributing to fuel 
consumption is vehicle speed, since high speed means high wind resistance. Fuel can therefore 
be conserved by driving at lower speeds. Though lower speeds means longer travelling time, 
meaning that if the route is disrupted, causing a delay, there is an increased risk that all tasks 
cannot be performed during the started working day.  
 
The purpose of this thesis is to determine how to plan fuel efficient routes in a transportation 
system prone to disruptions. It was conducted at Scania to further understand how their truck 
customers can increase profitability in their businesses by planning fuel efficient routes. The 
truck transportation business is under heavy pressure with low margins. It is therefore valuable 
to plan fuel efficient routes.  
 
The outcome of this thesis is two linear programming models for route planning that take truck 
capacity, customer demand and time windows for delivery into account. The first model can be 
used during planning to find a fuel efficient route in order to deliver to all customers to the 
lowest fuel cost possible. The model gives a route with predetermined average speeds between 
the customers, as well as arrival time at each customer. When appropriate, the truck is proposed 
to drive at a slightly decreased speed, to lower wind resistance and thereby fuel consumption. 
By also taking load weight into account, the route can be planned such that a heavy part of the 
load is delivered early, reducing the weight carried for the rest of the route. The proposed model 
accomplishes on average 6.3 % lower fuel cost, compared to the most commonly used route 
planning model, where the shortest total driving distance is sought.  
 
If something would happen that disrupts the route, it might be impossible to deliver all 
customers before the day ends. To handle those situations, a second model is proposed. Once 
the transport is delayed, the model will revise the initial route and propose a new route based 
on a cost of delaying a delivery. The goal is then to deliver as much as possible to the lowest 
possible cost. The new route will still consist of predetermined average speeds and arrival times. 
The proposed model is a tool for handling the complex task of recalculating routes once a 
disruption occurs. 
 
In summary, the first model provides support to plan a route that potentially lowers the 
operational costs for truck transportation companies. If the planned route is disrupted, the 
second model will revise it and give a new route with new speeds and arrival times. If possible, 
the revised route will still result in making all deliveries, otherwise the model will postpone the 
smallest deliveries to the next day. Together, the two models serve as a valuable support for 
truck transport companies that want to increase their profitability by lowering their operational 
costs. 
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SAMMANFATTNING 
Traditionellt har ruttplanering inom transportsektorn endast fokuserat på att minimera den totala 
körsträckan vid transport av gods eller människor. Detta görs ofta med hjälp av 
mjukvaruverktyg, eftersom optimal ruttplanering är en komplex uppgift som är svår att lösa för 
hand. Att köra den kortaste totalsträckan är ett sätt att sänka bränslekostnaderna, vilket är en av 
de största driftskostnaderna för lastbilstransportföretag, men det är inte nödvändigtvis den mest 
bränsleeffektiva rutten. Den senaste tiden har allt mer forskning bedrivits inom 
bränsleminimering för att kunna utföra transportuppdrag till lägsta möjliga bränslekostnad. En 
faktor som bidrar till bränsleförbrukningen är fordonets hastighet, eftersom hög hastighet 
innebär högt luftmotstånd. Bränsleförbrukningen kan därför minskas genom att köra i lägre 
hastigheter. Även om lägre hastigheter betyder längre körtid, vilket innebär att om rutten störs 
och lastbilen blir försenad, finns det en ökad risk att allt inte kan levereras under den påbörjade 
arbetsdagen. 
 
Syftet med detta arbete är att bestämma hur bränsleeffektiva rutter kan planeras i ett 
transportsystem benäget för störningar. Arbetet genomfördes på Scania för att förstå hur deras 
lastbilskunder kan öka lönsamheten i sina företag genom att planera bränsleeffektivare rutter. 
Lastbilstransportbranschen är under hög press med låga marginaler. Det är därför värdefullt för 
Scanias lastbilskunder att planera bränsleeffektiva rutter.  
 
Arbetet resulterade i två ruteplaneringsmodeller som tar hänsyn till lastkapacitet, kundbehov 
och tidsfönster för leverans. Den första modellen kan användas vid planering för att hitta en 
bränsleeffektiv rutt så att alla kunder levereras till lägsta möjliga bränslekostnad. Modellen ger 
en rutt med förbestämda genomsnittshastigheter mellan kunderna, såväl som ankomsttid hos 
varje kund. När det anses lämpligt föreslås något minskade hastigheter, för att minska 
luftmotståndet och därigenom bränsleförbrukningen. Genom att även ta hänsyn till vikt, kan 
rutten planeras så att en tung del av lasten levereras tidigt, vilket minskar den vikt som 
transporteras på resterande sträckor. Den föreslagna modellen uppnår i genomsnitt 6,3% lägre 
bränslekostnad jämfört med den vanligaste ruteplaneringsmodellen, som ger den kortaste totala 
körsträckan. 
 
Om något skulle hända som stör rutten kan det vara omöjligt att leverera alla kunder innan 
dagen slutar. För att hantera dessa situationer föreslås en andra modell. När transporten är 
försenad planerar modellen om den ursprungliga rutten och föreslår en ny rutt baserat på 
kostnaden för att skjuta upp en leverans. Målet är då att leverera så mycket som möjligt till 
lägsta möjliga kostnad. Den nya rutten består fortfarande av förbestämda medelhastigheter och 
ankomsttider. Genom att använda den föreslagna modellen tillhandahålls ett verktyg för att 
hantera den komplexa uppgiften att planera om rutten vid en störning. 
 
Sammanfattningsvis ger den första modellen stöd för att planera en rutt som potentiellt sänker 
driftskostnaderna för lastbilstransportföretag. Om den planerade rutten utsätts för en störning, 
föreslår den andra modellen en ny rutt med nya hastigheter och ankomsttider. Om det är möjligt 
innebär den nya rutten fortfarande att lastbilen levererar till alla kunder, om inte skjuts de minsta 
leveranserna upp till nästa dag. Tillsammans är de två modellerna ett värdefullt stöd för 
lastbilstransportföretag som vill öka lönsamheten genom att sänka sina driftskostnader. 
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ABBREVIATIONS 
The report contains several abbreviations. Table 1 below presents all abbreviations used in the 
report. The reader can then return to this section to find the meaning of an abbreviation instead 
of searching for its definition in the report. 

Table 1. Abbreviations used in the report. 
Abbreviation Meaning 
CVRP Capacitated Vehicle Routing Problem. 

CVRPTW Capacitated Vehicle Routing Problem 
with Time Windows. 

GVRP Green Vehicle Routing Problem. 
JIT Just-In-Time. 
LP Linear Programming. 
MILP Mixed Integer Linear Programing. 
SPS Scania Production System. 
TSP Travelling-Salesman Problem. 
VRP Vehicle Routing Problem. 

VRPDWH Vehicle Routing Problem with Drivers’ 
Working Hours. 
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1 INTRODUCTION 
This section presents the background to the problem regarding current transportation systems, 
as well as fuel efficient route planning and disruption handling. Then, the purpose of the thesis 
is stated with research questions that, once answered, will have fulfilled the purpose. Finally, 
delimitations of the thesis are presented as well as a table of abbreviations used in the report. 
 
1.1 Background 
Current transportation systems mostly focus on minimizing operational costs regarding distance 
driven and the number of vehicles used (Lin, Choy, Ho, Chung, & Lam, 2014). Of course, 
driving the shortest distance with the minimum number of vehicles will have positive impact 
on fuel economy, but it does not necessarily yield the lowest fuel cost. According to Bektas and 
Laporte (2011), several factors affect fuel consumption, such as elevation, load weight and 
speed. Perhaps fuel could be conserved by taking a detour to deliver a big part of the load or 
lowering speed when appropriate.  
 
While there are technical advances such as fuel efficient engines and alternative fuels, it 
requires acquisition of new, or changes to existing, vehicles. Instead, or in addition, optimal 
utilization of vehicles can have significant impact on fuel economy (Salimifard, 
Shahbandarzadeh, & Raeesi, 2012) and thus the economy of the transportation company. The 
Vehicle Routing Problem (VRP) erupted in the late 1950’s to efficiently distribute gasoline 
using trucks by driving the shortest routes (Dantzig & Thapa, 1997). Since then, more complex 
problems have been studied to further simulate the complex reality of different transport 
operations. Due to the importance of lowering the environmental impact from the transportation 
sector, studies about Green Vehicle Routing Problems have erupted, aiming to minimize fuel 
costs and negative environmental effects (Lin, et al., 2014).  
 
A study showed that drivers overestimate the time saved by increasing speed from already high 
speeds (Peer, 2010). High speed results in high wind resistance and thereby high fuel 
consumption. As mentioned above, Bektas and Laporte (2011) considered speed, among other 
factors, when modelling a vehicle routing problem. It turned out to be favorable to decrease 
speed to lower wind resistance. A problem arises when reducing speed though. Any extra time 
a driver might have before delivery in case something happens is also reduced since lower speed 
results in longer driving time. Since road traffic is prone to disruptions (Mu, Fu, Lysgaard, & 
Elese, 2011) it is important to consider how such disruptions affect the original schedule 
especially when considering speed in a vehicle routing problem. Mu et al. (2011) argue that 
disruption handling is important and that such a system for decision support is favorable. 
 
1.2 Problem discussion 
Scania is a global company and one of the world’s top truck and bus manufacturers. The 
company has since long been known for its powerful engines but have lately shifted its focus 
towards being a solutions provider. (Scania AB, n.d.-a) Scania provides connectivity in their 
vehicles and part of their offering is their range of connected services, such as fleet management 
and remote diagnostics (Scania AB, n.d.-b). With connected vehicles on the roads, it is possible 
to create more advanced transportation systems (Lu, Cheng, Zhang, Shen, & Mark, 2014).  
 
By applying models within VRP and exploiting vehicle connectivity, transportation systems 
can become better at taking fuel economy into account. Though in the event of a disruption the 
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plan might fail. Though in the event of a disruption, the plan fails. It is therefore important for 
a successful transportation system to accommodate for changes to the original plan. 
 
1.3 Thesis purpose 
The purpose of this thesis to determine how to plan fuel efficient routes in a transportation 
system prone to disruptions. By fulfilling the purpose, the study should provide insight in how 
Scania’s truck customers can decrease fuel costs by planning and driving fuel efficient routes. 
To be able to achieve the purpose of the thesis, three research questions have been formed as 
can be seen below: 
 

1. What factors should be considered when planning a fuel-efficient route? 
 

2. How can an initial, fuel efficient, route be planned? 
 
3. How can the initial plan be revised in the event of a disruption? 

 
The questions must be answered in the order they are written. The first one determines what 
factors to consider in order to plan a fuel-efficient route. Based on those factors, the second 
question can be answered, determining how to plan the route. Once the second question has 
answered how the initial route can be planned, the third question can be answered, handling 
how the plan should be reprioritized once a disruption occurs. 
 
1.4 Delimitations 
The study focuses on optimizing transportation for Scania’s truck customers. This due to the 
fact that busses already have set routes and time schedules. Thus, it is hard to affect utilization 
and optimizing routes for buss customers. 
 
Scania’s truck customers mainly operate in three different areas of application, namely long-
haulage, distribution and construction. Long-haulage trucks usually travels long distances with 
few stops for loading or unloading, often seen along highways. Distribution trucks are often 
seen in cities, delivering mail or food with many stops along a short distance. Lastly, 
construction vehicles are found on construction sites or in mines. This thesis will be limited to 
studying a truck with 10 stops per day to have sufficient distances for speed to actually have an 
impact on fuel consumption. Each stop will have a demand that is delivered by the truck and a 
time window consisting of earliest and latest arrival time. Pick-ups will not be considered. 
 
The model will only consider one truck, since any results will be equal for similarly specified 
trucks. It is assumed that all deliveries for the day are assigned to the truck, meaning that the 
problem consists of determining the route. Speed limits will be considered, though only one 
upper and one lower limit per distance. Speed will be calculated as an average across a distance 
between two stops and fuel consumption or conservation caused by acceleration and coasting 
respectively will be disregarded. Road elevation will not be considered either. 
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2 METHODOLOGY 
In this section, the research methodology is presented. It begins with a summary of the selected 
methods, which are then explained and motivated in the succeeding sections. Here, the research 
purpose, approach and strategy is chosen. Methods for sample selection, data collection and 
data analysis are also explained and motivated. Finally, reliability and validity is discussed. 
 
2.1 Summary 
This thesis sought to find a way to plan fuel efficient routes in an environment that is prone to 
disruptions. To achieve this, two optimization models were formulated. The first model (speed 
optimizing model) creates a route with predetermined speeds the truck should maintain and can 
be used as a plan for the day. This model minimizes the fuel cost for the given input data. The 
second model, the disruption model, intends to handle disruptions to that plan. If something 
causes the truck to be delayed, the second model weighs the cost of fuel against the cost of 
delaying a delivery to prioritize a new ending of the route. 
 
Satisfactory real world data could not be obtained during the time frame of the thesis, thus data 
was arbitrarily randomized in order to model reality. In Table 2 below, a summary of the 
research methods chosen to conduct this thesis is presented. Each method is selected to fulfil 
the purpose of the thesis.  

Table 2. Summary of the chosen research methods. 
Subsection Research method 
Research purpose Explanatory 
Research approach Inductive 
Research strategy Case study 
Sample selection Probability 
Data collection Literature, web, randomization. 
Data analysis Quantitative and qualitative 

 

 
The methods are described and motivated in the succeeding subsections below. 
 
2.2 Research purpose 
The thesis was conducted as an explanatory research. With an explanatory purpose, a problem 
is analyzed to determine relationships between variables. When conducting explanatory 
research, both quantitative and qualitative data can be used. (Saunders, Lewis, & Thornhill, 
2009) This thesis sought to find factors that are useful when planning fuel efficient routes. These 
factors were then used when modelling a vehicle routing problem. To be to able create the 
model, literature was studied to collect qualitative data, then the quantitative data given by the 
results were analyzed to draw conclusions. Thus, an explanatory purpose is appropriate. 
  
2.3 Research approach 
An inductive approach studies a specific phenomenon with the goal to generalize and might 
contribute to new insights in the studied area. (Saunders et al., 2009) Since there was little 
research in the field, especially regarding disruption management in GVRP the thesis was 
conducted using an inductive research approach. The models that were created, though being 
simplifications of reality, can be generalized to other contexts and might have brought new 
ways of viewing the problem. 
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2.4 Research strategy 
The research strategy is the foundation for how data is collected and analyzed. By following 
the strategy, the research is supposed to achieve its purpose. According to Saunders et al. 
(2009), case studies are appropriate when a phenomenon is studied in a certain context. As 
mentioned above, this thesis studied a simplification of reality by applying optimization models 
to a truck transportation system. To understand the studied context, the research was conducted 
as a case study. 
 
2.5 Sample selection 
Probability sampling is used when a sample is picked randomly from its population (Saunders 
et al., 2009). In this thesis, sufficient real-world data could not be found. To overcome this, 
arbitrary data was randomized within certain intervals. The intervals for the data was set to at 
least mimic reality. For every randomized instance, the data was tested using the speed 
optimizing model. If the model could solve the instance, the data could then be used. If the 
model could not solve the instance, meaning that it was impossible for the truck to visit every 
customer, it was disregarded and a new instance was randomized. 
 
2.6 Data collection 
The study began with a literature review to understand if and how similar problems had been 
studied by others. Scientific articles were collected using Google Scholar and EBSCO using 
keywords such as VRP, GVRP, CVRP, VRPTW, emission optimization, disruption. Other 
secondary data was found on Scania’s website as well as some other electronic sources. The 
literature review provided insight in how similar problems had been approached before, to 
create models for the studied problem. The quantitative data generated through randomization 
was used as input for the models to solve the problem and study the results. 
 
2.7 Data analysis 
Since the study relied on both quantitative and qualitative data, the analysis is a combination of 
both. Qualitative data that was collected via literature was used to create models for the 
problem. The randomized quantitative data was then used as input for the models to get 
quantitative results. The results were then analyzed quantitatively as well as using the 
qualitative secondary sources to draw conclusions. 
 
2.8 Reliability 
Reliability in research is the degree of reproducibility. If others were to collect and analyze the 
same data, good reliability will yield the same results as the original research. During 
quantitative data collection, human errors can affect the data making it hard to reproduce with 
the exact same results. (Saunders et al., 2009) Since the data was randomized to answer the 
questions, others would not necessarily be able to reproduce the same results for just one 
occurrence. If data were to be randomized within the same intervals and simulated multiple 
times, approximately equal results should be obtained. In order to ensure reproducibility, the 
randomization intervals are presented in section 5, as well as all other collected data that was 
used to simulate the problem.  
 
2.9 Validity 
Research validity is the correctness of the results. There are two types of validity, internal and 
external. Internal validity is the correlation between events or variables, while external validity 
is the extent to which the results can be generalized to other contexts. Validity can be threatened 
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by small samples during data collection, biases among observers and participants, too much 
generalization or misinterpretation of the collected data. (Saunders et al., 2009) 
 
The models are simplifications of reality and the results cannot be directly connected to actual 
fuel costs, though they imply a reduction. Even if the data is made up it does represent reality 
in the same way real world data would using these models. The models do not account for slope 
and only one speed limit per distance would be used, thus only distances and average speed 
limit would be collected from reality. In that sense, it is the same as randomizing the position 
of customers and calculate the distance between them, and use arbitrary speed limits across 
those distances. In the case the model would be generalized to take more parameters into 
account, real data would be necessary, though in this case it will not make any difference. 
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3 THEORETICAL FRAMEWORK 
In this section, the necessary theoretical background for understanding the problem and 
solution is presented. It begins with a short description of Lean, and its principles Production 
levelling and Just-in-time. Following that, linear programming and optimization, which is used 
to model the problem in this report, is described. Finally, different types of vehicle routing 
problems are presented to give insight into how vehicle routing problems have developed and 
can be handled. 
 
3.1 Lean 
Lean (short for Lean Production) is sprung from the Toyota Production System developed by 
Taiichi Ohno in the late 1940s. Lean is a structured framework consisting of several principles 
and methods with the purpose of using the right resources, as well as the right amount of 
resources to increase productivity and achieve high quality. When working according to Lean 
principles, companies work with continuous improvements and elimination of waste to always 
strive for perfection. In other words, Lean is not goal, it is the strategy for achieving goals. 
(Petersson, et al., 2015) 
 
The foundation of Lean consists of standardization and production levelling, of which the latter 
will be described further below. Further, Lean consists of two main principles, one being Just-
in-time, also described below. Together the foundation and principles should, through 
continuous improvements, strive towards highest quality, shortest lead times and the lowest 
costs possible. (Petersson, et al., 2015)  
 
3.1.1 Production levelling 
Being part of the foundation of Lean, production levelling is the first step towards implementing 
a Lean strategy (Liker, 2009). Typically, production is levelled with respect to quantity per time 
unit as well as work intensity. By levelling production to an even pace, higher resource and 
flow efficiency can be achieved. Resource efficiency measures the utilization of available 
resources, and flow efficiency is the amount of a product’s or service’s lead time that is value 
adding for the customer. (Petersson, et al., 2015) 
 
3.1.2 Just-In-Time 
Just-In-Time (JIT) is a principle in Lean meaning that products should be delivered in small 
quantities from the previous step in production only when actual demand arises (Womack & 
Jones, 2003). Petersson et al. (2015) mean that the right product should arrive in the right 
amount at the right time, thus eliminating waiting times which is considered waste. Womack 
and Jones (2003) argue that in order to successfully implement JIT, production flow must first 
be levelled. The authors mean that if production is not levelled, causing too big fluctuations in 
utilization, a JIT system will not work. As a consequence, the authors argue that buffers will be 
placed before each step in production to mitigate the effects varying demand downstream. JIT 
increases predictability and reduces storage of unfinished products and, similar to production 
levelling, leads to higher resource and flow efficiency (Petersson, et al., 2015).  
 
3.2 Linear programming and optimization 
Linear programming (LP) is the minimization or maximization of linear functions (Dantzig & 
Thapa, 1997) and has been used as decision support in different logistics activities since the 
1950s (Avriel & Golany, 1996). By modelling real world logistic problems as linear 
inequalities, optimal solutions can be found that will aid a wide range of operations (Dantzig & 
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Thapa, 1997). According to Lundgren, Rönnqvist, and Värbrand (2003), LP has multiple areas 
of application such as production planning, transportation and packaging among others. Very 
simple LP-problems can be solved by hand, but bigger problems require the processing power 
of computers since the number of solutions increases as the factorial of the variables (Dantzig 
& Thapa, 1997; Avriel & Golany, 1996; Lundgren et al., 2003). 
 
3.2.1 General formulation of LP problems 
Lundgren et al. (2003) describes a general formulation of LP problems as having an objective 
function !(#) , depending on variables # = #& …#( ) , and given constraints *+ # ≤ -+ 
where *& # ,… , */ #  depend on #  and -&, … , -/  are constants. The goal is to find the 
optimal solution #∗  which minimizes or maximizes the objective function. The problem is, 
according to the authors, linear if all functions are linear and all variables are continuous. 
Further, they state that a problem is an integer problem if at least one variable is discrete, but 
the problems are often formulated using linear functions. These problems are called mixed 
integer linear programming (MILP) problems. 
 
As mentioned above, complex LP-problems require computers to be solved. For solving the 
LP-problems, several algorithms and heuristic methods have been developed over the years. 
While most algorithms provide the best solution to a problem, they can be slow and people 
often choose to rely on heuristics that will yield solutions close to the optimal one (Avriel & 
Golany, 1996). 
 
3.2.2 Traveling-Salesman Problem (TSP) 
The Traveling-Salesman Problem (TSP) is an old problem of determining a route with the 
shortest total distance for a salesman visiting a number of nodes (cities) and eventually returning 
to the node of origin (Flood, 1955). The solution is supposed to be one continuous tour and not 
consist of multiple sub tours without linkages between each other (Lundgren et al., 2003). With 
only a few nodes the TSP is hard to solve by hand (Lin et al., 2014), thus it is common to model 
the problem as a linear programming problem (LP-problem) and solve it using computers 
(Lundgren et al., 2003). With more processing power in modern computers, complex problems 
can be solved faster, which may be a reason behind increased popularity in modelling logistic 
problems as LP-problems. 
 
3.2.3 Mathematical formulation of the TSP 
To give an example of a LP model, the classical TSP problem is formulated as a MILP below 
(Lundgren et al., 2013): Assume a set of nodes 1 and a binary variable #+2 which assumes the 
value 1 if node 3 ∈ 1 is followed by 5 ∈ 1 in the route, and 0 otherwise. For each link between 
nodes 3, 5 ∈ 1 there exists an associated cost (or distance) of using that link, denoted 6+2. The 
MILP model is formulated in equation (1)-(5) below: 
 

 min 6+2#+2
2∈:+∈:

 (1) 

 

 #+2 = 1
+∈:

, ∀	5 ∈ 1 (2) 

 

 #+2 = 1
2∈:

, ∀	3 ∈ 1 (3) 
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 #+2
2∈>

≤ ? − 1
+∈>

, ? ⊂ 1, ? ≥ 2 (4) 

 
 #+2 ∈ 0, 1 , ∀	3, 5 ∈ 1 (5) 

 
Where equation (1) is the objective function intended to minimize the total travel cost. 
Constraints (2) and (3) restricts each node to have exactly one incoming and one outgoing link. 
Constraint (4) forbids sub tours by limiting the number of links in a subset ? ⊂ 1 to one less 
than the number of nodes in ?. The last constraint (5) restricts the range of variable #+2. 
 
 
3.3 Vehicle Routing Problem 
Dantzig and Ramser (1969) introduced the Truck Dispatching Problem as a generalization of 
the TSP and is according to Lin et al. (2014) the origin of what is today referred to as the 
Capacitated Vehicle Routing Problem (CVRP). The Truck Dispatching Problem extends the 
TSP by considering the demand at each node and the loading capacity of each vehicle. The 
CVRP can be generalized further to model more complex problems as LP-problems and it is 
today a common tool used in different industries for both strategic and tactical planning 
(Lundgren et al., 2003). 
 
3.3.1 Capacitated vehicle routing problem with time windows 
When delivering or collecting goods, transportation companies might face requirements as to 
when the vehicle should arrive. This can be provided as a predetermined time window in which 
the customer is available for loading or unloading. Lin et al. (2014) describes the extended 
CVRP with time windows (CVRPTW) as a well-researched problem, which has increased 
interest among researchers due to its applicability to real world problems. Kallehauge (2008) 
considers two types of time windows: (1) Hard time windows, where vehicles are not allowed 
to arrive late, and if it arrives early it must wait. (2) Soft time windows where the vehicle can 
arrive outside of the time window, but it is followed by a penalty. Qureshi, Taniguchi and 
Yamada (2009) describes a variant of the VRP with semi soft time windows, where early arrival 
is allowed without penalty. According to Lin et al. (2014), the CVRP with hard time windows 
is more suitable to model real situation but is not always solvable in the sense that it can be 
impossible to visit all nodes within their respective time windows. In that case the authors argue 
that soft time windows might give better results. The results of CVRPTW will not necessarily 
yield the same solution as a VRP, since the time windows might require the truck to not travel 
the shortest route.  
 
3.3.2 Green vehicle routing problem 
In light of concerns for the environment, many researchers, as well as governments and 
businesses, have put efforts into reducing environmental effects caused by logistics activities 
(Lin et al., 2014). While the original VRP decreases fuel consumption by finding the shortest 
route, there are other factors affecting fuel consumption, such as weight, elevation and speed 
(Bektas & Laporte, 2011). Kara, Kara and Yetis (2007) and Xiao, Zhao, Kaku and Xu (2012) 
developed models that extends the CVRP by considering vehicle and load weight. The first 
study regarded energy consumption and the latter developed a model for fuel consumption. The 
results showed that the shortest route does not always result in the lowest fuel consumption.  
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Bektas and Laporte (2011) developed a model which intended to minimize pollution (fuel 
consumption). They concluded that in a VRP with time windows, optimization of fuel 
consumption has bigger impact than without time windows. To calculate fuel consumption, the 
authors considered multiple factors, including elevation, vehicle and load weight, but also 
vehicle speed. In their model, they use a speed dependent formula, derived from Barth, 
Younglove and Scora (2005), for calculating tractive power demand. In the formula, power 
demand caused by wind resistance increases with increasing speed as seen in Figure 1 below:  
 

 
Figure 1. Power demand as a function of speed, caused by wind resistance. 

 
3.3.3 Formula for calculating fuel cost 
The power demand in watts is calculated by equation (6) below (Barth et al., 2005; Barth & 
Boriboonsomsin, 2009): 
 

 E = FGH +F*H sin K +
1
2
LMNOPHQ + F*HLR cos K (6) 

 
Where F is the vehicle mass, G the acceleration, * the gravitational constant, H the vehicle 
speed, K the slope, LM the coefficient of drag, N the front surface area of the vehicle, OP the air 
density and LR is a rolling resistance coefficient. By multiplying the power demand in equation 
(6) with the time travelled U/H , the power demand in joules is obtained in (7) (Bektas & 
Laporte, 2011): 
 

 EW = FGH +F*H sin K +
1
2
LMNOPHQ + F*HLR cos K

U
H
	 (7) 

 
The energy density, OX, for diesel MK1 (Swedish designation for environmental class 1 diesel) 
is 9.8 kWh/L (Energimyndigheten, 2016), which is approximately 35.28 MJ/L. By dividing the 
power demand in (7) with OX, the fuel consumption in liters is obtained as: 
 

 YL = FG +F* sin K +
1
2
LMNOPHZ + F*LR cos K

U
OX
	 (8) 

 
Equation (8) can then be used for calculating fuel cost by multiplying it with the current fuel 
price. Note that the fuel consumption in equation (8) only concerns tractive power demand 
caused by weight, air resistance and slope. Since vehicles shift gears depending on the required 
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power, fuel consumption imposed by engine driving force can be assumed constant and 
neglected when studying the impact of speed. 
 
3.3.4 Disruption management in vehicle routing 
In road traffic, there is a risk that an event occurs that disrupts the original plan, rendering it 
harder or impossible to visit all customers during a working day. Such disruptions can be caused 
by congestions, accidents, vehicle errors and so on. The circumstances for solving a VRP after 
a disruption is somewhat different to the original problem. While the original VRP starts and 
ends in a depot, Mu et al. (2011) argue that the disrupted problem starts where the disruption 
occurred, but still ends in the depot. The authors also claim that the problem still often regards 
minimization of costs, but that further costs must be considered, such as costs for delay or 
customer dissatisfaction. Several authors have approached the problem of disruptions occurring 
in a planned route. 
 
Wang, Ruan and Shi (2012) developed a model for minimizing deviations from the original 
plan once a disruption occurs. The model treated each disruption as an added customer, e.g. if 
a vehicle breaks down it becomes a new customer for the remaining fleet of vehicles. The 
authors assumed customer demand of a homogenous product, which enables other vehicles to 
cover up for a vehicle that is unable to deliver.  
 
Hu, Sun and Lui (2013) modelled planners’ scheduling knowledge as constraints in order to not 
oversee experience in the field. While Wang et al.’s model (2012) was a pure optimization 
method, this model intended to be more practical than completely optimization based methods 
and superior to manual planning (Hu et al., 2013). I.e., the model can take advantage of the 
knowledge from experiences planners but can be solved faster than by hand and yield better 
solutions. 
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4 CASE STUDY 
This section begins with a description of the case company, Scania, and its work with connected 
services. Then the vehicle routing problem for planning fuel efficient routes is presented and 
modelled based on current literature on the subject. Then, the model is altered to revise the 
route if a disruption occurs to the initial plan.  
 
4.1 Scania AB 
Scania is a global manufacturer of trucks, busses and engines with headquarters in Södertälje, 
Sweden. In 2016, Scania’s total sales reached a record of almost SEK 104 billion. During the 
year, the company sold 73,093 trucks and held a 16.5 % share of the European truck market. 
For the year, Scania also presented record high service revenue of SEK 22 billion, indicating 
the demand for a complete transport solution, including various services, instead of just a truck. 
(Scania AB, 2017) 
 
4.1.1 Scania Production System 
Scania’s success over the years is often credited to its well-known framework called the Scania 
Production System (SPS), an adaption of Lean. The SPS contains a collection of values, 
principles, methods and priorities. Like Lean, a big part of SPS is working towards continuous 
improvements by eliminating waste. The framework is visualized as a house (see Figure 2 
below) and all employees are supposed to be educated in SPS. 
 

 
Figure 2. The SPS is visualized as a house with its values, principles, methods and priorities. 
Source: Scania CV AB (2007). 

 
While there are many similarities between Lean and SPS, two parts will be described here with 
regards to what has been mentioned in section 3.1. The first part is levelled and balanced flow, 
which is part of one of Scania’s three main principles regarding Normal situation. Levelled flow 
means that production volumes and labor-intensive work is evenly distributed during a working 
day, whereas balanced flow means an even distribution of work between available resources 
(Scania CV AB, 2007). 
 
The second part is the third main SPS principle, Consumption-controlled production, which can 
be connected to Lean’s JIT described in section 3.1.2. This means that small batches are 
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produced when a customer in the value chain signals demand, which begins with the end-
customer and continues upstream in the chain (Scania CV AB, 2007).  
 
4.1.2 Leader in sustainable transport  
Scania is determined to be the leader in sustainable transport. In their efforts towards reducing 
emissions caused by its operations they are currently offering a range of alternative fuels, 
developing more energy efficient vehicles and extending their services to reduce fuel 
consumption. By working together with the customers, Scania wants to help them conduct 
profitable business and reduce their negative environmental impact. (Scania AB, 2016) 
 
4.1.3 Connected services 
In their effort to be the leader in sustainable transport, Scania is also investigating opportunities 
that emerge with connectivity. Vehicle connectivity enables smart communication between 
truck and driver, truck and transportation company as well as truck and Scania. By utilizing 
data sent from the truck it is possible to offer intelligent services that both reduces fuel 
consumption and increases customer profitability. Such services are driver coaching based on 
historical driving data, fleet monitoring tools as well as smarter and more efficient route and 
load planning. (Scania AB, 2016) 
 
4.2 Description of the problem 
To determine the potential cost savings for a speed optimized truck transportation system, the 
problem will be modelled as a CVRPTW. As mentioned above, the CVRPTW is a good 
representation of real world transport operations. In reality, drivers might increase speed from 
an already high speed because they believe that they can save time, but the time saved is 
marginal. Instead, higher speed increases fuel consumption as mentioned in section 3.3.2, and 
has negative impact on fuel economy, while barely saving time. Instead driving at an even speed 
and arriving just-in-time can reduce costs without sacrificing deliveries. The downside with 
driving at an even and optimal speed is that any time buffers are sacrificed, and drivers are not 
allowed to continue driving for an unlimited time. Since road traffic is prone to disruptions, and 
optimal speed decreases margins, it is important for the solution to reprioritize in the event of a 
disruption. 
 
The problem is approached with two MILP models. The first one will, when solved, yield a fuel 
efficient route with pre-determined optimal speeds. The model requires customer data regarding 
locations, demand, time windows and delivery duration. It also requires vehicle specific data to 
calculate fuel consumption according to the formula described in equation (8).  
 
If the operations go according to the solution of the first model, all is well, but if something 
happens along the route, increasing speed closer to the upper limit might not be enough to 
deliver to all customers within a working day. If some deliveries are to be pushed to the next 
day, it must be the ones with the lowest cost of delaying the delivery. A second model will then, 
in the event of a disruption, prioritize which customers should be delivered and which 
customers should be delayed. The second model will still take fuel consumption into account, 
though adding the cost of delaying a delivery, and minimize the total cost.  
 
4.3 Speed optimizing model 
Below, the model for creating a fuel efficient initial plan is formulated. The model is derived 
from Bektas and Laporte (2011), Kara et al. (2007) and Xiao et al. (2012). To calculate fuel 
cost, the fomula in equation (8) is multiplied with the price per liter for fuel. 
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4.3.1 Model description 
First let 1[ = {N, ], L, … , ^} be the set of nodes with {N} denoting the depot. Then let 1 be a 
subset of 1[ containing customers and excludes the depot such that 1 = 1[\{N}. Only one 
truck is used, which has a gross weight (without load) of a kg and a capacity Q. 
 
Each arc between nodes 3 ∈ 1[ and 5 ∈ 1[ has a distance U+2 and also a lower and upper speed 
limit [c+2, d+2]. Each customer 3 ∈ 1 has demand f+ , time window [g+, c+] for the earliest and 
latest allowed arrival and a service duration h+. For the depot, the time window is the starting 
and ending of the working day. Fuel consumption in L/km is calculated using (8). The cost of 
fuel in SEK/L is denoted 6i.  
 
For this model, the following decision variables are needed: A binary variable #+2  which 
assumes the value 1 if node 3 ∈ 1[ is followed by node 5 ∈ 1[ in a calculated route. The weight 
carried between nodes 3 ∈ 1[ and 5 ∈ 1[ is denoted !+2. The starting time for serving customer 
3 ∈ 1 is represented by variable j+. 
 
4.3.2 Discretization of non-linear terms 
While the model intends to solve at which speed to travel the arc between nodes 3 ∈ 1[ and 5 ∈
1[, having a decision variable denote the speed on each arc will result in a non-linear model. 
The fuel consumption formula in equation (8) contains a quadratic expression of speed, and 
when calculating the travel time between two nodes, the distance must be divided with the speed 
between those nodes. A discretization similar to the one by Bektas and Laporte (2011) is 
performed below: 
 
Assume a set of speed levels ? = {0,1, … ,F}. A parameter for speed is then denoted as Hk 
where h ∈ ?. Also, introduce a new binary variable denoted l+2k , which assumes the value 1 if 
the truck drives at speed level h ∈ ?. The speed between node 3 ∈ 1[ and node 5 ∈ 1[ can then 
be described as l+2

k Hkk∈> . To only drive at exactly one speed level across a travelled arc, the 
variable l+2k  has the following relation to #+2: 
 

 l+2
k = #+2

k∈>

, ∀	3, 5 ∈ 1[ (9) 

 
4.3.3 Model formulation 
The objective function in equation (10), is derived from equation (8) with the assumptions that 
there is no acceleration or slope, subject to constraints in equations (11)-(24) are presented 
below: 
 

 min (Hk
m
l+2
k )

k∈>

LMNOP
2

+ a*LR#+2 + !+2*LR
U+2
OX
	∗ 6i

2∈:n+∈:n

 (10) 

 

 #+2 = 1, ∀	5 ∈ 1[
+∈:n

 (11) 
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 #+2
2∈:n

= 1, ∀	3 ∈ 1[ (12) 

 

 (!2+ − !+2)
2∈:n

= f+, ∀	3 ∈ 1 (13) 

 
 f2#+2 ≤ !+2 ≤ o − f+ #+2, ∀	3, 5 ∈ 1[ (14) 

 
 g+ ≤ j+ ≤ c+ − h+, ∀3 ∈ 1 (15) 

 

 j+ − j2 + h+ + (
U+2
Hk

∗ l+2
k )

k∈>

≤ p 1 − #+2 , ∀3, 5 ∈ 1[, 3 ≠ 5 (16) 

 
 j[ = g[ (17) 

 

 (
U+[
Hk

∗ l+[
k )

k∈>

+ j+ + h+ ≤ c[, ∀3 ∈ 1 (18) 

 

 c+2#+2 ≤ Hkl+2
k

k∈>

≤ d+2#+2, ∀3, 5 ∈ 1[ (19) 

 

 l+2
k = #+2

k∈>

, ∀	3, 5 ∈ 1[ (20) 

 
 #+2 ∈ 0,1 , ∀	3, 5 ∈ 1[ (21) 

 
 l+2

k ∈ 0,1 , ∀	3, 5 ∈ 1[, h ∈ ? (22) 
 

 j+ ≥ 0, ∀3 ∈ 1[ (23) 
 

 !+2 ≥ 0, ∀3, 5 ∈ 1[ (24) 
 
The objective function (10) minimizes the fuel cost derived from driving at speed Hk  over 
distance U+2  for arcs travelled between nodes 3 ∈ 1[  and 5 ∈ 1[ . Constraints (11) and (12) 
ensures that each node has exactly one inbound and one outbound arc. (13) balances flow by 
decreasing it for each visited node. This constraint also eliminates sub tours since the outgoing 
flow in a node must be the incoming flow to that node minus that node’s demand. (14) makes 
sure that flow exceeds demand but not capacity. Constraint (15) ensures that a truck arrives and 
serves the customer in the time window of node 3 ∈ 1[. (16) determines the arrival times at 
each node if node 3 ∈ 1[ is followed by node 5 ∈ 1[, where p is a big number. (17) and (18) 
guarantees that the arrival time at the depot is the beginning of its time window (i.e. beginning 
of the day) and that total time does not exceed latest allowed arrival time at the depot. Constraint 
(19) assures that the truck speed is kept within limits if the arc is travelled. Constraint (20) is 
the same as equation (9) and determines the relation between the two binary variables. Finally, 
(21)-(24) determines the ranges of all variables. 
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4.3.4 Reference model 
In order to determine the potential cost savings by driving according to the model above, it must 
be compared to some reference case. As mentioned in the background in section 1.1, the 
common way of planning a route is to find the shortest distance, similar to the TSP described 
in section 3.2.3. Since a distance minimizing model is a common way of route planning, it can 
be considered the reference case when comparing fuel costs. 
 
The speed optimizing model cannot be compared to the TSP though, since the TSP does not 
consider the same input data. Instead, the model above will be used except with modified 
objective function and constraints. The biggest difference compared to the objective function 
in (10) is that the objective function (shown in equation (25) below) only minimizes the total 
distance travelled. Since it does not optimize speed, it is assumed to travel at the upper speed 
limit across all arcs, which is normally the case. 
 

 min U+2#+2
2∈:n+∈:n

 (25) 

 
Constraints (11)-(15) and (17) as well as (21)-(24) are kept as they are. In constraints (16) and 
(18), the terms Hk and l+2k , as well as the summation, are replaced with d+2, since the truck is 
assumed to travel at the upper speed limit. Constraints (19) and (20) are removed since speed 
is no longer determined. 
 
From the solution of the reference model, speed, distance and flow is obtained for the arcs that 
are travelled. These are used to calculate the fuel cost by using the formula in equation (8) 
multiplied with the fuel price. As with the speed optimizing model, acceleration and slope are 
assumed to be zero. The fuel cost of the reference model is then compared to speed optimizing 
model in order to determine the fuel cost savings by driving according to the speed optimizing 
model proposed in section 4.3.3. 
 
4.4 Disruption model 
While GVRP is becoming an increasingly popular research subject, it is important to study 
other effects than just fuel consumption or emissions. Using a speed optimizing model, as 
proposed in equation (10), might raise some questions: If the truck’s average speed is lower, 
will it be able to deliver on time? What happens if the truck is stuck in a traffic congestion? In 
order to answer such questions, a second model is proposed.  
 
The solution to the speed optimizing model gives a route with optimal speeds between each 
node. Driving at optimal speed during the whole route is often not possible since road traffic is 
prone to disruptions. In the case of short disruptions, small changes to speed will be necessary 
in order to complete the route during the working day. Though in the case of a longer disruption, 
the route might have to be reprioritized and some customers pushed to the next working day.  
 
Here, disruptions regard traffic disruptions, which causes delays for the truck on route. The 
model will create a new route, where it is optional to visit a node, making it possible to postpone 
the delivery to a customer to the next day.  
 
4.4.1 Model description 
Since a disruption can occur at any time the truck is on the road, some nodes might have already 
been visited. Thus, the set of customers who are not yet visited is described by 1[r =
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N, ], L, … , ^, ^ + 1  where {N}  denotes the starting location and {^ + 1}  is the ending 
location, i.e. the depot. 1r ⊂ 1[

r denotes the customers such that 1r = {N, ], L, … , ^}. If the 
disruption occurs on an arc between nodes, new distances must be calculated, denoted U+2r .  
 
The model must be able to determine whether the truck should increase speed closer to the 
upper limit to visit customer 3 ∈ 1′ or conserve fuel and postponing the delivery to the next 
day. For this, a cost of delay 6+M is introduced, denoting the cost for delaying a delivery to 3 ∈
1r to the next day. 6+M is calculated by multiplying a big number with the demand of node 3 ∈
1r. The big number is determined such that the product is bigger than the fuel cost of delivering 
to the node. Otherwise, it might be costlier to actually deliver than neglecting a node, which is 
not the intended use. The cost of delay is hence calculated as 6+M = p ∗ f+ for 3 ∈ 1r. 
 
A new binary variable, t+, is introduced too, which assumes value 1 if node 3 ∈ 1′ is visited 
and 0 otherwise. The variable make it possible to exclude nodes from the remaining route. 
Excluding a node will entail the cost of delay though, so the model will always strive to deliver 
as much as possible. 
 
4.4.2 Model formulation 
The objective function in (26) is similar to (10) from the speed optimizing model, though with 
the addition of the delay cost. Further, constraints (27)-(32) have been modified or added in 
order to accommodate the optionality of visiting a node. The full model is described in (26)-
(42) below: 
 
Objective function: 
 

 min (Hk
m
l+2
k )

k∈>

LMNOP
2

+ a*LR#+2 + !+2*LR
U+2
r

OX
	∗ 6i

2∈:n
u+∈:n

u

+ 6+
M(1 − t+)

+∈:r

 (26) 

 
Subject to: 
 

 #+2 = t2, ∀	5 ∈ 1[
r

+∈:n
u

 (27) 

 

 #+2 = t+, ∀	3 ∈ 1[
r

2∈:n
u

 (28) 

 
 #[((v&) = 1 (29) 

 

 (!2+ − !+2)
2∈:n

= f+t+, ∀	3 ∈ 1r (30) 

 
 f2#+2 ≤ !+2 ≤ o − f+ #+2, ∀	3, 5 ∈ 1[

r	 (31) 
 

 g+t+ ≤ j+ ≤ c+ − h+ + 1 − t+ w, ∀3 ∈ 1r (32) 
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 j+ − j2 + h+ +
U+2
Hk
l+2
k

k∈>

≤ p 1 − #+2 , ∀3, 5 ∈ 1[
r, 3 ≠ 5 (33) 

 
 j[ = g[ (34) 

 
 j(v& ≤ c(v& (35) 

 

 c+2#+2 ≤ Hkl+2
k

k∈>

≤ d+2#+2, ∀3, 5 ∈ 1[, 3 ≠ 5 (36) 

 

 l+2
k = #+2

k∈>

, ∀	3, 5 ∈ 1[
r (37) 

 
 #+2 ∈ 0,1 , ∀	3, 5 ∈ 1[

r (38) 
 

 t+ ∈ 0,1 , ∀	3, 5 ∈ 1[
r (39) 

 
 l+2

k ∈ 0,1 , ∀	3, 5 ∈ 1[
r, h ∈ ? (40) 

 
 !+2 ≥ 0, ∀	3, 5 ∈ 1[

r (41) 
 

 j+ ≥ 0, ∀3 ∈ 1[
r (42) 

 
The objective function in (26) still minimizes the cost of fuel, but contains the additional cost 
of delay, imposed by not visiting a customer. Since it is now optional to visit a customer, 
constraints (27) and (28) only requires one incoming and one outgoing link if t+ for a node 3 ∈
1r equals one, meaning that the node is visited. Constraint (29) creates a fictional link between 
the depot and start. This link will not be travelled in reality but since every node is restricted to 
having one incoming and one outgoing link, it makes the problem easier to model. (30) 
decreases flow by the demand of each visited customer. There is no flow to the depot ^ + 1  
or across the fictional link. (31) limits flow to exceed capacity but not demand. Constraint (32) 
assigns an arrival time for each node. If a node is visited, the arrival and service time must be 
within the time window of that node. If the node is not visited, the arrival time can be between 
0 and a large number w, in order to not prevent the solution from satisfying other constraints. 
(33) is the same as in the speed optimizing model where the arrival time of a succeeding node 
cannot precede the departure plus travel time from the previous node. (34) ensures that the route 
starts at the position of the disruption and (35) forces arrival at the depot before the working 
day ends. Constraint (36) ensures that speed is kept within limits and (37) determines the same 
relation between l+2k  and #+2 as in the speed optimizing model. Finally (38)-(42) determines the 
range of each variable. 
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5 DATA COLLECTION 
In this section, the data used to evaluate the models is presented. It begins with the constant 
terms for the objective functions, followed by a description of how data was randomized to 
evaluate the models. Lastly, different disruption scenarios intended to test the disruption model 
is presented. 
 
5.1 Constants 
The values used to calculate fuel consumption in the objective functions (equations (10) and 
(26) above) are presented in Table 3 below. All values except the fuel price were obtained at 
Scania, as they use the constants in their own calculations. The first three constants in the table 
are vehicle specific. The remaining constants can be used regardless of the model of the truck.  

Table 3. Constants for the objective functions. 
Constant Value Unit Description 
LM ∗ N 12 m2 Drag coefficient times surface area. 
a 15,000 kg Gross weight of the truck. 
o 25,000 kg Load capacity of the truck. 
OP 1.18 kg/m3 Air density. 
* 9.81 m/s2 Gravity constant. 
LR 0.005  Rolling resistance coefficient (asphalt). 
Ox 35,28  MJ/L Energy density of Diesel MK1 
6i 14 SEK/L Cost of Diesel MK1. 

 

 
The studied vehicle is a Scania long haulage truck. For the purpose of confidentiality, the 
coefficient of drag and surface area are presented as a product. It is important to note that the 
cost of fuel , 6i, changes over time and that the value used was an approximation of the current 
price during the thesis. 

5.2 Randomized route parameters 
As previously mentioned, sufficient real-world data were not available for solving the 
optimization models. In order to test the model and get analyzable results, arbitrary data was 
generated randomly within certain intervals (see Table 4) in order to obtain data that is 
representable for real world situations.  

Table 4. Intervals for randomization of route data. 
Parameter Range Unit Description 

1[ {A,B,C,…,J}  The set of nodes, A being the depot. 
Coordinates 0-100  km Position in a 100*100 km area. 

g+ 08:00-11:00 time Earliest arrival at a node (gP = 08:00). 
c+ 13:00-16:00 time Latest arrival at a node (cP = 16:00). 
h+ 15-30 min Service durations (hP = 0). 
d+2 40-90 km/h Speed limits in intervals of 10 km/h. 
c+2 0.9d+2 km/h A maximum decrease of 10 %. 

f+ f+ = o kg Demand is randomized as a part of the  
capacity (fP = 0). 

Hk 10-22 m/s Possible average speeds for the truck. 
? {0,1,2,…,12}  The number of speed levels. 
6+
M p ∗ f+ SEK The cost of delay, where M is a big number. 
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In reality, the depot will probably not have a time window but it is set in order to simulate a 
working day for a driver, with exception to driver rules and regulations. It is important to note 
that the units presented in the table must be converted before being used as input to not mix up, 
for example, minutes and hours. Preferably, the ranges are converted to SI units for convenience 
as they are only presented in other units for readability.  
 
When randomizing, the set of nodes 1[  is distributed across an area depending on their 
coordinates. The distances between each node is then calculated depending on the position of 
each node. The randomization is used in two contexts. Firstly, data is randomized and solved 
multiple times in order to get an average fuel cost saving by comparing the speed optimizing 
model and the reference model. Secondly, a random instance is used to evaluate the 
performance of the disruption model. 
 
5.3 Disruption scenarios 
Based on a random instance, the disruption model can be tested in different scenarios. These 
scenarios will be used to test how the model reacts when delays of different durations occur 
along the route. For convenience purposes, the disruptions occur at a node position, since all 
distances between the nodes are already calculated. If a disruption happens between the nodes, 
the distances from that position to all nodes would have to be calculated before using the data 
as input to the disruption model. 
 
Figure 3 below shows the random instance used to evaluate the disruption model after solving 
it with the speed optimizing model. The route begins and ends at the depot in node A. Note that 
the corners are based on the positions of the nodes and does not represent the upper limit in the 
coordinate range. When a disruption occurs at a node, the truck has travelled at optimal speed 
up to that point according to the solution given by the speed optimizing model. 
 

 
Figure 3. The route used when testing the disruption model.  
The route order is A-E-B-I-J-G-C-H-F-D-A. Route data is  
found in Appendix A.  

 
To test the model, different delays at different nodes are proposed (presented in Table 5 below). 
The first, fifth and ninth nodes are selected to create delays in the beginning, middle and end of 
the route. The times are selected to test short delays that might be recoverable by increasing 
speed, and longer delays intended to disrupt the whole plan. 
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Table 5. Disruption scenarios. 
Scenario Delay Node Number  

1 10 min E 1 
2 60 min E 1 
3 10 min G 5 
4 60 min G 5 
5 10 min D 9 
6 60 min D 9 

 

 
The route data used as input to the model in the different scenarios above is presented in 
Appendix A.   
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6 RESULTS 
Here, the results after testing the models are presented. First, the speed optimizing model is 
solved and compared to the reference model. Then the solutions of the disruption model are 
presented for each scenario.  
 
6.1 Speed optimizing model 
As mentioned earlier, a single truck is studied with a total of ten nodes. Nine nodes are 
customers that are being delivered to (as seen in Table 4) and one is the depot. The truck begins 
and ends at the depot in node A. As mentioned above, the results of the speed optimizing model 
is compared to the reference model by calculating the fuel cost using the same formula.  
 
6.1.1 Impact on fuel costs 
The model was solved 400 times to generate an average fuel cost saving. Each simulation first 
solved an instance using the speed optimizing model and then using the reference model. Figure 
4 below shows an example of a route that has been provided by the speed optimizing model. 
 

 
Figure 4. Route given by the speed optimized model. 

 
The route in Figure 4 is A-D-I-F-C-H-E-J-B-G-A and has predetermined average speeds across 
all arcs. In comparison, the same instance solved by the reference model is depicted in Figure 
5 below. Note that the route is different, going through A-D-C-F-H-G-E-J-B-I-A.  
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Figure 5. The route in Figure 4, given by the reference model. 

 
To get a reliable answer, the average fuel cost savings of the 400 simulations were determined. 
The speed optimizing objective function yielded an average fuel cost decrease of 6.3 % 
compared to the reference model. 
 
6.2 Disruption model 
The results when testing the different disruption scenarios, found in Table 5 above, on the route 
depicted in Figure 3 above are presented below. Green circles indicate that the node is included 
in the disrupted route. Blue circles have already been visited according to the initial plan and 
grey circles are nodes that are excluded in the disrupted route. Figure 6 below depicts the first 
scenario.  
 

 
Figure 6. Scenario 1 with a ten minute delay at node number E. 

 
As can be seen, the ten minute delay at node E is recoverable by increasing the speed closer to 
the upper limit along the route, making it possible to visit all nodes. Figure 7 below pictures 
scenario 2. 
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Figure 7. Scenario 2 with a 60 minute delay at node number E. 

 
When the truck is delayed for 60 minutes, several nodes have to be excluded in order to return 
to the depot at node A in time. As can be seen in Table A1 in Appendix A, nodes D, H and C 
are the ones with high demand, causing the model to prioritize them before others with the time 
that is available. Scenario 3 is depicted in Figure 8.  
 

 
Figure 8. Scenario 3 with a ten minute delay at node G. 

 
The first four nodes (colored blue) have already been visited and a shorter delay of ten minutes 
at the fifth node is still recoverable. It is noticeable in both scenarios 1 and 3 that all nodes are 
visited but the remainder of the route is different than the original plan shown in Figure 3. In 
Figure 9 below, scenario 4 is pictured. 
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Figure 9. Scenario 4 with a 60 minute delay at node G. 

 
The longer delay in the fifth node causes the truck to only manage one delivery before having 
to return to the depot. Figure 10 below depicts scenario 5. 
 

 
Figure 10. Scenario 5 with a 10 minute delay at node C.  

 
As can be seen in the picture above, the small delay causes problems. After being delayed for 
ten minutes at the last node before returning to the depot, it is not manageable to make it in 
time. Figure 11 below shows the same result for the longer delay. 
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Figure 11. Scenario 6 with a 60 minute delay at node C.  

 
The truck could not recover a ten minute delay, and it cannot recover 60 minutes either. Since 
the time window of the depot is set to mimic a working day, the driver would not be allowed to 
drive the last distance. In reality, the driver would probably drive as far as possible and then 
request pickup to get home.  
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7 ANALYSIS 
In this section the results are analyzed. The speed optimizing model is evaluated in comparison 
to the reference model and analyzed with regards to Scania’s principles and goals presented 
above. The performance of the disruption model is evaluated based on the results of the 
disruption scenarios. 
 
7.1 Fuel savings 
As several authors have concluded, driving the shortest distance does not necessarily mean the 
lowest fuel consumption (Kara et al., 2007; Xiao et al., 2012) and that optimization of fuel 
consumption is effective in a CVRPTW (Bektas & Laporte, 2011). The results presented above 
show a 6.3 % reduction in fuel consumption (and thereby costs) caused by tractive power 
demand when driving according to a speed optimized model than a regular CVRPTW presented 
in the reference model.  
 
Due to time windows, the reference model and speed optimizing solutions will often yield the 
same route, though that is not always the case. Driving the speed optimized route at maximum 
allowed speed will on average consume more fuel than a distance minimized solution. This 
might be due to the load weight. The speed optimizing model prioritizes the delivery of heavy 
loads, even if it might sometimes require driving a longer distance. 
 
7.1.1 Impact on driving time 
When decreasing the speed of the truck, driving time will increase. The actual impact when 
lowering the speed by ten percent is shown in Figure 12 below: 
 

 
Figure 12. Time difference between travelling at maximum speed at different speed limits and 
lowering the speed by ten percent depending on the remaining distance. 

 
The lines represent the time difference between traveling at the maximum allowed speed and 
decreasing the speed by ten percent. With shorter distance remaining, the impact on travel time 
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will be lower. For example, when driving a distance of 50 km, lowering the speed from 80 km/h 
to 72 km/h will only prolong the travel time by around 4 minutes. 
 
As Peer (2010) concluded, drivers perceive the time difference by increasing or decreasing 
speed from an already high speed to be large. In addition, Figure 12 shows that the prolonged 
travel time especially in high speeds, have little impact on the total driving time depending on 
the distance. Thus, lower speed will not have too big impact on total travel time per day. 
 
7.1.2 Scania’s principles and goals 
For Scania, levelled flow and consumption controlled production has helped the company 
achieve low production costs. If their customers were to drive at optimal speed and arrive Just-
In-Time, these results show that they can reduce fuel costs. Parts of Scania’s principles might 
therefore be suitable not only in their production, but also for their customers. It is also 
discussed within Scania that high speeds causes more wear on the trucks so maintenance costs 
might also be reduced as part of driving according to the speed optimized model. This results 
in better utilization of Scania’s trucks and since Scania’s customers depend on the availability 
of their trucks, uptime is crucial for their businesses. If Scania then helps its customers to reduce 
fuel consumption, and perhaps wear, it aligns well with the goal to become a leader in 
sustainable transport. 
 
7.2 Disruptions 
When the speed optimized route is disrupted by an event that causes a delay, the disruption 
model gives the most cost efficient route possible with the remaining time. In the case that one 
or more nodes have to be excluded, the objective function in (26) will minimize fuel costs as 
well as delay costs. By basing the cost of delay on the weight of customer demand, the model 
strives to deliver as much weight as possible after a disruption. This can be seen in Figure 7, 
where there were enough time to visit several nodes, and the nodes with high demand were 
prioritized. While the model will deliver as much as possible with the time remaining, it will 
not necessarily drive at maximum allowed speed. In the case it is impossible to visit some nodes 
within the remaining time, the model will still suggest optimal speeds between the nodes that 
are included in the route, since the objective function minimizes fuel costs too. 
 
In some cases, the delays are short enough to be recovered by driving at a higher speed than 
initially planned for the remainder of the route (as seen in Figure 6 and Figure 8). Comparing 
Figure 6 to Figure 3 shows that the route in scenario 1 will cover all nodes, but differs from the 
original plan. Because of the time windows, the initial plan requires the truck to visit node C 
before node D because the time for earliest arrival have not passed once the truck reaches node 
D. After the delay, node D will be available upon arrival.  
 
Longer delays, as seen in scenarios 2 and 4 will cause some nodes to be excluded from the route 
(see Figure 7 and Figure 9). A longer delay would affect any planned route though. The results 
should therefore not be interpreted only for the speed optimizing model, since the difference in 
travel times is quite marginal.  
 
When testing scenarios 5 and 6 the model cannot yield a feasible solution for the tested instance 
(as seen in Figure 10 and Figure 11). This, although only one instance, shows complications 
when disruptions occur late on the route. When the remaining distance is small, the travel time 
will be too and Figure 12 shows that the difference is small between driving at the speed limit 
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and 10 % below it. If the route is tightly planned it means that less time can be won by increasing 
speed as the truck progresses along the route.  
 
The worst case would be a delay at the depot that in turn require maximum speed for the whole 
speed optimized route. Though if the solution to the reference model yields the lowest fuel 
consumption, the disruption model will propose the same route. When a disruption occurs along 
the route, the truck will have driven at optimal speed until that point which means that the worst 
fuel cost cannot be worse than the reference model. 
 
It is important to note that the results in section 6.2 are intended to show how the model will 
solve different scenarios and are not completely generalizable. This due to time windows and 
demand that will vary and in some cases require that nodes are excluded even with a short delay 
in the beginning of the route.  
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8 CONCLUSIONS 
Based on the results and the analysis thereof, this section presents the conclusions that has 
been drawn. First are the implications of the results when using the two proposed models. 
Finally, recommendations are given to Scania and the fulfillment of the thesis’ purpose is 
concluded by answering the three research questions. 
 
8.1 Implications of the results 
The speed optimization model will, on average, yield lower fuel costs than the reference model. 
The route yielded by the speed optimization model will also not generate a higher fuel cost than 
the reference model. It is therefore favorable to consider a speed optimizing model instead of 
traditional distance minimizing models. 
 
8.1.1 Speed optimized transportation system 
The speed optimizing model increases the risk of not managing all deliveries in a workday since 
it proposes longer travelling times between nodes. As mentioned above, a delay will require 
higher speeds than initially planned. Higher speed will increase fuel cost and not yield the cost 
savings from the initial route. Though fuel costs would not exceed those imposed by the 
distance minimized route given by the reference model since the disruption model still proposes 
the most fuel efficient route. 
 
If Scania were to offer a planning tool to their customers, they would not only help their 
customers become more profitable but they would also decrease the environmental impact from 
their products. A planning tool would not even require new, or modifications to existing, trucks. 
It would simply aid transportation companies plan fuel efficient routes. Such tool would align 
well with Scania’s efforts towards sustainability, since they would then offer a planning tool 
that lower fuel consumption and thereby emissions. And if lower average speeds results in less 
wear, the trucks can be perceived as more reliable among Scania’s customers.  
 
Since drivers perceive big time savings when increasing speed from already high speeds, some 
indication that it is not necessary might be good. It can be as simple as an addition to the current 
cruise control that will indicate that slowing down will not disrupt the plan. Then the driver will 
not have to know beforehand what speed to maintain. Instead, the GPS-position of the truck 
can be used to calculate its progress and send indications to the truck whether the driver should 
increase, decrease or maintain its current speed. 
 
8.1.2 Time windows and disruptions 
Without a plan, drivers might drive as fast as possible to deliver as much as possible if they 
have been delayed. But if it is impossible to deliver to all customers, there is no need to speed 
up in vain. The disruption model will always drive at minimum speed possible, even if a 
customer is excluded, because it is only excluded because if it is not manageable to deliver 
within the workday. So if customers have to be excluded due to a disruption in the original plan, 
the model will deliver the remaining customers to the lowest fuel cost possible. 
 
8.1.3 Using the disruption model 
Unlike the results derived from the speed optimizing model, the disruption model is useful once 
a disruption occurs, regardless of the initial plan. The disruption model is also useful without 
the speed optimizing model. Slight modifications to the objective function and constraints 
makes it useful for e.g. distance minimizing models too.  
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The cost of delay can of course be modified to instead represent volume, if load volume instead 
of load weight is the limiting factor. While lightweight, high volume goods will not have the 
same impact on fuel consumption it will still require more space when distributing it the day 
after. Hence the practical advantages of basing the cost of delay on weight will still be present 
when basing it on volume. It is also possible to increase the cost of delay or add another 
weighted factor if, for some reason, the value of delivering to customers would differ. It is then 
possible to manually influence the cost of delay. 
 
8.2 Recommendations 
The main challenges that comes with implementing the speed optimizing model is the extensive 
data collection. It will require data of speed limits along all roads where Scania’s customers 
might drive. Compared to the data used in this thesis, each distance must also be divided into 
segments for each speed limit along the way. If the formula for calculating fuel consumption is 
extended to account for slopes, the data collection must extend to slope as well. Scania would 
then be able to provide the tool and map data. As for the other data, it would be up to the 
customers to collect about their deliveries.  
 
The transportation system must of course be developed into a service too. A planning tool has 
no impact on the trucks, but if a speed indicator is to be implemented it needs to be added to 
the truck. The system itself should not be advanced to develop, since similar tools are already 
commercially available in the industry. 
 
Regardless of whether the speed optimization model is implemented or not, the disruption 
model is still a useful tool when revising an already planned route. To quickly plan a new route 
in the event of a disruption is a complex task. The disruption model can then be used to set the 
new route. In the case a delivery is considered too important to exclude that day, it is possible 
to increase the importance of that delivery compared to the others by multiplying an even bigger 
number with the demand. The cost of delay will then become higher for that delivery than the 
others and if it is manageable to deliver on time, it will be prioritized. 
 
8.3 Fulfilment of the study’s purpose 
In order to fulfil the purpose of the study, three research questions were formulated. Once all 
questions were answered, the purpose was fulfilled and the research was completed. As 
mentioned in the introduction, the purpose of the study was to determine how to plan fuel 
efficient routes in a transportation system prone to disruptions. Below, it is concluded how 
each question was answered under separate headlines. 
 
8.3.1 What factors should be considered when planning a fuel efficient route? 
To plan a fuel efficient route, a formula for fuel cost (derived from fuel consumption) needs to 
be calculated. For this study, speed was an important factor since the idea it is sprung from is 
that truck drivers drive unnecessarily fast. Based on that, the tractive power demand caused by 
wind and rolling resistance was used to determine the fuel cost, as shown in equation (8).  
 
The fuel cost caused by engine rotations is complex to calculate. For this study, it was assumed 
to be at the same level in different speeds since the truck should be driven at the right gear, 
resulting in the same rotations per minute and thereby fuel consumption. When subtracting two 
fuel costs it can then be neglected, meaning that, in this case, it does not even have to be 
calculated.  
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Another part of the formula for calculating fuel cost is the load weight that is carried between 
nodes. Since the truck leaves the depot loaded with the day’s deliveries, and unloads parts of it 
along the route, the load weight decreases for every visited node. The fuel cost per distance unit 
will then decrease, since it requires less power to drive a lighter load. By taking load weight 
into account, the model can choose to deliver as much weight as possible early along the route 
in order to travel with less weight for the remainder of the route. The monetary focus is due to 
the fact that fuel is a big part of truck transportation companies’ operational costs. If the ideas 
of driving a fuel efficient route is to be implemented, it is convincing to show that it can decrease 
costs.  
 
The formula for calculating fuel consumption also accounts for vehicle acceleration and slope. 
As mentioned before, these factors were delimited due to their complexity and the time frame 
for the thesis.  
 
8.3.2 How can an initial, fuel efficient, route be planned? 
The foundation of the model is a CVRPTW. Several authors argue that the CVRPTW is a good 
representation of real world transport operations since it takes into account the vehicle capacity, 
customer demand as well as time windows for visiting the customers. By taking the factors 
mentioned above into account in a CVRPTW, a model for determining a fuel efficient route 
can be formulated.  
 
The model is a MILP model, shown in section 4.3, that minimizes fuel cost according to the 
formula in equation (8) discussed above. The model solves the problem and gives a route where 
the speed between all nodes as well as arrival times at each node is predetermined. The solution 
can be used as an initial plan for a working day, and as long as everything goes according to 
the plan, the truck should follow the route accordingly. 
 
8.3.3 How can the initial plan be revised in the event of a disruption? 
Road traffic runs the risk of being disrupted by unforeseen events. When driving according to 
a scheduled plan as the model above yields, a delay might cause the plan to fail. The first model 
was then modified in order to create a second model, dubbed the disruption model, to handle 
disruptions that delay the truck.  
 
Once a disruption has delayed the truck, it might be able to recover the delay and finish the 
route. Though in some cases, the delay is so long that the plan has to be revised. In those cases, 
one or more deliveries must be postponed to the next day. Thus, it is not required for the 
disruption model to visit all customers, and it includes customers with high demand weight in 
the route to postpone as little as possible to the next day. 
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9 DISCUSSION 
Personal views and discussions are put in this section to cover some parts that has not been 
mentioned previously in the report. The section begins with a discussion about the models’ 
reliability and impact. Finally, a section regarding future research treats how the work can be 
used in continued research. 
 
9.1 Implications of the study 
The thesis resulted in two models. One for planning an initial fuel efficient route and one that 
revises the initial route in the event of a disruption that causes a delay. Both models prove useful 
but it is important to consider how the results can be interpreted. 
 
9.1.1 Reliability of the speed optimizing model 
As have been mentioned previously, the speed optimizing model is not a complete 
representation of reality and the cost savings are not directly translatable into real world savings. 
When interpreting the results it is important to consider what road data the model actually 
considers, and what the formula for fuel consumption measures. Since fuel consumption from 
engine rotations is neglected, since it can be assumed constant thanks to the gearbox, only fuel 
consumption caused by tractive power demand is studied. The impact on fuel consumption 
comes from wind resistance, which depends on the speed of the truck. In this case, all distances 
are assumed to have zero angle and that is not the case in reality. Additionally, driving uphill 
consumes more fuel than driving downhill conserves. The same goes for accelerating and 
decelerating, which are discarded since the model only considers one constant average speed 
per distance. 
 
While real world tests of the model might not prove as big of a reduction in fuel costs, the speed 
optimizing model is still useful. It can be concluded that it proves more fuel efficient than a 
reference model, which is commonly used, and will therefore reduce costs. 
 
9.1.2 Reliability of the disruption model 
The biggest impact on the solution of the disruption model will be the cost of delay, as long as 
it exceeds the cost of fuel for making the delivery. Letting the cost of delay be the product of 
demand and a big number has both theoretical and practical benefits. By basing the cost of delay 
on the demand the cost is individualized for each node based on available data. It can otherwise 
be hard to determine the value of a delivery. If each node has the same cost of delay, the ones 
farthest away will be neglected when prioritizing after a disruption. In the case the costs are 
based on load weight, a heavier load might be prioritized even though it requires a longer 
distance to be travelled. In reality, it will also mean that less delayed load must be taken care of 
the next day, which will require less space (assuming that no extremely dense objects are being 
delivered) and have smaller impact on fuel cost during that day.  
 
9.1.3 Consequences for drivers 
Truck drivers are said to already be under heavy pressure and having a stressful work situation. 
With low margins it is important to deliver as much as possible and it might be questionable to 
require them to lower their average speed. But as has been mentioned earlier, the high average 
speeds does not necessarily result in more deliveries. If the drivers arrive too early and cannot 
unload at that time, they have driven too fast. If they had an indicator on the instrument panel 
that showed if they were ahead of time, it might relieve their stress and allow them to slow 
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down. Using the disruption model will also tell that some deliveries are impossible to make, 
which might relieve stress too. 
 
Neither of the two proposed models take driver rules and regulations into account since they 
are complex to model and require a longer planning horizon than one day. Drivers are not 
allowed to drive for how long they want during a day or for several days in a row. The model 
must therefore be modified in order to account for driving hours. There are models for it denoted 
VRPDWH (vehicle routing problem with drivers’ working hours) that could be combined with 
the proposed model. The problem though is that the more complex the models become, the 
harder they are to solve, thus requiring more time. 
 
9.1.4 Thinking ahead 
While the implementation of a speed optimizing model has an impact on drivers, it seems that 
the future of transportation will be autonomous. Once drivers are ruled out, fuel will be the 
predominant cost for operating a truck. It will then be even more profitable to drive the most 
fuel efficient route. Since driver rules disappear with the drivers the time window for the depot 
may be larger, which can yield a better solution and therefore even lower fuel cost. Until then, 
it may seem reasonable for transportation companies to have certain demands on their drivers. 
 
There are various discussions on how to mitigate the environmental impact caused by road 
traffic. In the case of higher prices for fossil fuels, carbon taxes and alike it will be easy to alter 
the model by just changing the fuel price parameter. The more expensive fuel becomes the more 
important will it be to have fuel efficient route planning. And no matter what happens to the 
operating costs, it still has a positive impact on emissions.  
 
9.2 Further research 
This thesis studied the fuel savings imposed by minimizing fuel consumption as a function of 
vehicle speed in a CVRPTW to model a balanced, JIT truck transportation system. Since speed 
optimization intends to decrease waiting time due to early arrivals, the time buffer that is often 
available when travelling in high speeds is decreased. Thus this thesis also proposed a model 
for handling disruptions in a speed optimized transportation system.  
 
While the models only considers one truck, it can be generalized to consider multiple trucks 
with different specifications and capacities. As mentioned above regarding implementation, 
they can also be generalized to consider elevation and multiple speed limits between nodes. 
This would further model reality and create a more realistic model, and more trustworthy 
results. The model could also be modified to accommodate for when the truck leaves a node, 
and not arrives. Then, the waiting time would be shifted from after loading to upon arrival. 
 
In disruption management, it can be crucial to quickly find a new route. It is therefore necessary 
to look into how the problem can be solved quicker. By adjusting and tweaking the solver, it 
can be adapted to solve the model faster and becoming an even more useful tool. 
 
The thesis also delimited from studying probabilities that disruptions will occur. One 
contribution to fuel costs is congestions. With extensive data collection from Scania’s 
connected vehicles, accurate models for predicting stops in traffic can be created. Using them, 
even smarter planning can be done in advance, which not only results in effective transport but 
also lower fuel consumption.   
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APPENDIX A 
This appendix contains the data used for evaluating the disruption model. 
 
A.1 Node data 
To solve the model, data is needed for each node. In Table A1 a random instance used to test 
the disruption model is given. The position of each node is based on its coordinates, where the 
values are meters from opposing axis. The demand is given in kilograms (rounded to nearest 
single digit) and the duration, earliest arrival and latest arrival are given in seconds. 
 
Table A1. Information about each node including position, demand, service duration and time windows. 
Node X-coordinate Y-coordinate Demand Duration Earliest Arrival Latest Arrival 

A 93563 26465 0 0 28800 57600 
B 84494 51139 2174 1260 30600 50400 
C 54230 24961 4348 960 32400 55800 
D 38634 32908 4348 1140 38700 53100 
E 73644 53062 4891 900 31500 55800 
F 32693 21743 2174 900 36000 51300 
G 39416 74862 543 1260 34200 53100 
H 44467 21011 3261 900 34200 54900 
I 86332 56131 2174 900 35100 48600 
J 76593 69519 1087 1560 36900 54000 
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A.2 Arc lengths 
The distances between each node are given in Table A2 below. The distances are calculated as 
the Euclidean distances between the positions of each pair of nodes, based on the coordinates 
in Table A1 above. The distances are the lengths of the arcs that are travelled between the nodes 
and are given in meters (rounded to single digits). 
 
Table A2. Distance matrix showing the lengths of the arcs between each node. 

Node Node Distance Node Node Distance Node Node Distance 
A A 0 E A 33229 I A 30535 
A B 26288 E B 11019 I B 5320 
A C 39362 E C 34155 I C 44745 
A D 55306 E D 40397 I D 53051 
A E 33229 E E 0 I E 13054 
A F 61053 E F 51554 I F 63716 
A G 72623 E G 40581 I G 50517 
A H 49398 E H 43342 I H 54645 
A I 30535 E I 13054 I I 0 
A J 46278 E J 16719 I J 16556 
B A 26288 F A 61053 J A 46278 
B B 0 F B 59561 J B 20006 
B C 40015 F C 21776 J C 49855 
B D 49351 F D 12647 J D 52738 
B E 11019 F E 51554 J E 16719 
B F 59561 F F 0 J F 64883 
B G 50939 F G 53543 J G 37559 
B H 50098 F H 11797 J H 58182 
B I 5320 F I 63716 J I 16556 
B J 20006 F J 64883 J J 0 
C A 39362 G A 72623    
C B 40015 G B 50939    
C C 0 G C 52053    
C D 17504 G D 41961    
C E 34155 G E 40581    
C F 21776 G F 53543    
C G 52053 G G 0    
C H 10532 G H 54087    
C I 44745 G I 50517    
C J 49855 G J 37559    
D A 55306 H A 49398    
D B 49351 H B 50098    
D C 17504 H C 10532    
D D 0 H D 13250    
D E 40397 H E 43342    
D F 12647 H F 11797    
D G 41961 H G 54087    
D H 13250 H H 0    
D I 53051 H I 54645    
D J 52738 H J 58182    
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A.3 Arc speed limits 
Table A3 below contains the speed limits, in meters per second, for each arc between the nodes. 
The upper speed limits are randomized and each lower limit is 90 % of the corresponding upper 
limit.  
 
Table A3. The upper and lower speed limits for each arc. 
Node Node Lower Upper Node Node Lower Upper Node Node Lower Upper 

A A 15 16.7 E A 15 16.7 I A 20 22.2 
A B 20 22.2 E B 12.5 13.9 I B 15 16.7 
A C 17.5 19.4 E C 20 22.2 I C 17.5 19.4 
A D 17.5 19.4 E D 15 16.7 I D 20 22.2 
A E 10 11.1 E E 12.5 13.9 I E 15 16.7 
A F 12.5 13.9 E F 17.5 19.4 I F 20 22.2 
A G 15 16.7 E G 17.5 19.4 I G 17.5 19.4 
A H 15 16.7 E H 10 11.1 I H 12.5 13.9 
A I 10 11.1 E I 10 11.1 I I 20 22.2 
A J 20 22.2 E J 17.5 19.4 I J 20 22.2 
B A 12.5 13.9 F A 15 16.7 J A 20 22.2 
B B 20 22.2 F B 17.5 19.4 J B 15 16.7 
B C 10 11.1 F C 17.5 19.4 J C 15 16.7 
B D 17.5 19.4 F D 20 22.2 J D 10 11.1 
B E 20 22.2 F E 17.5 19.4 J E 12.5 13.9 
B F 17.5 19.4 F F 17.5 19.4 J F 15 16.7 
B G 10 11.1 F G 10 11.1 J G 17.5 19.4 
B H 10 11.1 F H 12.5 13.9 J H 17.5 19.4 
B I 20 22.2 F I 20 22.2 J I 17.5 19.4 
B J 15 16.7 F J 10 11.1 J J 17.5 19.4 
C A 20 22.2 G A 17.5 19.4     
C B 15 16.7 G B 20 22.2     
C C 17.5 19.4 G C 12.5 13.9     
C D 12.5 13.9 G D 17.5 19.4     
C E 15 16.7 G E 17.5 19.4     
C F 10 11.1 G F 12.5 13.9     
C G 12.5 13.9 G G 15 16.7     
C H 15 16.7 G H 15 16.7     
C I 10 11.1 G I 15 16.7     
C J 15 16.7 G J 20 22.2     
D A 10 11.1 H A 17.5 19.4     
D B 17.5 19.4 H B 10 11.1     
D C 17.5 19.4 H C 12.5 13.9     
D D 12.5 13.9 H D 15 16.7     
D E 10 11.1 H E 20 22.2     
D F 20 22.2 H F 10 11.1     
D G 20 22.2 H G 17.5 19.4     
D H 17.5 19.4 H H 20 22.2     
D I 17.5 19.4 H I 17.5 19.4     
D J 15 16.7 H J 12.5 13.9     

 
 


