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Sammanfattning

Det här examensarbetet undersöker hur användbar en tankningsplan är som blivit
optimerad för att minimera bränslekostnader för långtradare. Genom att tanka på
billiga bensinstationer och tanka mindre och oftare, kan vikten av de bränsle i tanken
som transporteras med långtradaren hållas nere och på så vis också minska
bränsleförbrukningen. Tidigare arbeten inom det här området har inte inkluderat den
varierande vikten av mängden bränsle . I det här arbetet tas även vikten av bränslet
med i beräkningen av den optimala tanknings strategin vilket leder till fler stopp men
också lägre bränslekonsumtion. För att testa den här tankningsplanen har en
bränsleförbrukningsmodell skapats och använts tillsammans med en dynamisk
programmerings algoritm. Långtradaren kör igenom en förinspelad drivcykel vilket
innehåller data som används för att beräkna bränsleförbrukningen. Dynamiska
programmeringsalgoritmen bestämmer sedan vid varje bensinstation som passeras om
man ska tanka eller inte beroende på hur dyrt och hur långt det är till framtida
stationer. Resultaten från det här arbetet är både positiva och negativa. Även om en
liten mängd bränsle och bränslekostnader kan minskas genom den förslagna strategin så
är kostnaderna i tid och besväret av att stanna oftare i praktiken inte värt mödan.
Därför gör de användandet av en sådan här tankningsplan svårmotiverad.
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Abstract

This study examines the viability of using a refueling plan, optimized to minimize fuel
expenses, for a long haul semi trailer truck. By refuelling at cheap gas stations and
refuel less, more often, the weight of the fuel being transported along with the truck can
be kept to a minimum, thus keeping the fuel consumption down. Previous work in this
area has failed to consider the varying weight contribution of the fuel. In the current
study, when the optimized refueling strategy is calculated, the weight of the fuel is
taken into consideration which leads to more frequent stops but also a lower fuel
consumption. To test this strategy, a fuel consumption model was made and tested
alongside a dynamic programming algorithm. The truck runs through a recorded drive
cycle which contains data used for calculating the fuel consumption. The dynamic
programming algorithm decides whether or not to refuel at a specific gas station
depending on the price at that station and the distance to the upcoming stations. The
results of this study are mixed. Although a small amount of both money and fuel can be
saved in many cases, the cost in time and inconvenience to stop more often makes the
practicality of such a fuel plan strategy questionable.



IV



Contents

1 Introduction 3
1.1 Research Question . . . . . . . . . . . . . . . . . . . . . . . . 4

2 Frame-of-reference 7
2.1 Dynamic Programming . . . . . . . . . . . . . . . . . . . . . . 7
2.2 DPM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

3 Modeling 11
3.1 Fuel Consumption Model . . . . . . . . . . . . . . . . . . . . . 11
3.2 DP Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

4 Implementation 15
4.1 DP formulation in DPM . . . . . . . . . . . . . . . . . . . . . 15

5 Results 19
5.1 Test Types and Result . . . . . . . . . . . . . . . . . . . . . . 21

5.1.1 Normal test . . . . . . . . . . . . . . . . . . . . . . . . 22
5.1.2 Extra Cost Test . . . . . . . . . . . . . . . . . . . . . . 32
5.1.3 Modified Drive Cycle Test . . . . . . . . . . . . . . . . 37
5.1.4 Randomness Test . . . . . . . . . . . . . . . . . . . . . 38

6 Discussion 43
6.1 Test Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

7 Conclusion 45

Bibliography 46

1



2



1 Introduction

Transportation by truck is the most common form of transporting goods today.
Over 60 % [1] of all goods transports are conducted using trucks. Statistics
shows that the fuel cost is responsible for 50 % of the operational costs for
any fossil fuel driving engine and the number will certainly increase as global
oil price continues to rise. With the recent worldwide environmental concerns
and the huge CO2 emission of road transportation, it is both environmentally
and economically beneficial to reduce fuel consumption. An emerging method
of improving fuel efficiency is driving two or more trucks in a convoy where the
trucks form a queue and autonomously follow the leading truck. In this way,
the following trucks have reduced aerodynamics drag and can hence save fuel
[2], [3], [4]. Another method is Predictive Cruise Control (PPC). Conventional
cruise controls try to maintain constant vehicular speed on all conditions, but
this can become very wasteful on fuel when reaching an uphill. PPC calculates
the best velocity curve for the intended route taking into consideration of the
road elevation and curvature [5], [6], [7]. This thesis however will use an alter-
native method to reduce fuel consumption. Commercial trucks travelling long
distances, sometimes through several countries, have to refuel multiple times
on a long route. This thesis explores the possibility to minimise fuel expenses
by not only choosing fuel stops with cheap diesel prices but also control how
much fuel is filled at each stop. Getting a full tank means transporting extra
weight which in turn contributes to increased fuel consumption.

Usually, trucking companies use route planning to take the shortest or fastest
route to their destinations. Most trucking companies also have pre negotiated
diesel prices at specific truck stops that require their drivers to fuel exclusively
at those locations. The driver will simply fill the tank, continue driving and
stop at one of the pre negotiated location when the tank is close to empty.
An independent driver, however, may not as frequently drive along the same
route and therefore have no such restrictions. This opens up the possibility
for the driver to stop at any gas station along the route.

There has been previous studies focusing on the actual route length to mini-
mize the distance traveled [8]. However, vehicles were assumed to have con-
stant weight, not taking into consideration the weight of the fuel in the fuel
tank. In fact, the weight contributed by a fully fueled semi-truck trailer does
add up when a whole fleet is considered. Most other studies mainly focus on
the optimization algorithm in itself, improving computation time. Lin et al.

3



[9] present a linear-time greedy algorithm for finding optimal refueling policies
in a fixed route vehicle refueling problem. Lin [10] expands on the work in Lin
et al. [9] and proves the efficiency of the best algorithm to minimize fuel costs
for a multi route problem with a limited capacity fuel tank and varying gas
prices. Jia et al. [11] optimize the refueling route for ships with a non-linear
programing model. Khuller et al. [12] examine several routing problems with
the objective to find the cheapest route from start to finish.

Solving an optimization problem like this can be accomplished with a mul-
titude of mathematical programming methods, all of which have their own
advantages and disadvantages. In the current study, dynamic programming
is used for its ability to solve optimisation problems that have overlapping
subproblems. To begin solving this optimisation problem, a fuel consump-
tion model had to be made. The fuel consumption model is the model func-
tion in the dynamic programming method which is used in a Matlab function
called DPM [13]. This function can solve multi-degree dynamic programming
problems and is used extensively in the current study. To test how the fuel
consumption is affected by our proposed refuel plan, the truck runs through
a route with gas stations placed at certain intervals. Each gas station has a
specific price and the dynamic programing method has to decide how much to
refuel at each station to minimize the cost function. The test conditions are
varied with different cost functions, route lengths, gas price and gas station
locations. The results are compared to a driver that only tries to minimize the
number of refuel stops.

In the initial tests when the only cost is the fuel expenses, the results show
that even though the amount of fuel saved is tiny, some money can be saved
by planing the route to only refuel at cheap stations, but by doing this, we are
forced to stop more often. Penalizing each stop with extra costs provides a
more realistic result and shows that in most situations, following this proposed
strategy will most likely not be worthwhile.

1.1 Research Question

In this study we will focus on the actual test results, giving less attention to
the efficiency of the optimization model. We will test if it is a viable strategy
to refuel more frequently and thus keep the weight contributed from the fuel
down and also chose gas stations on the route that have relatively cheap gas
prices. The research question for this study is (1) how efficient is the proposed
refueling strategy at saving both fuel and fuel expenses and (2) whether the
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extra time spent from frequent stops is worth the saved money.
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2 Frame-of-reference

In this chapter the primary methods and tools of the current study, Dynamic
Programming (DP) and DPM are presented in more detail.

The basic concept of DP will be explained briefly with a simple example.
For a more in-depth text-book description, please consult the bibliography.

2.1 Dynamic Programming

DP is a powerful method for solving sequential decision problems [14]. When
solving a DP problem, results of recurring computations are saved so that
these recurring subproblems are solved only once. This strategy significantly
increases computational efficiency. [15].

DP was developed in the 1950’s by Richard E. Bellman, and has since then
been applied in a countless number of different fields [16] such as bioinfor-
matics, control theory, information theory, artificial intelligence, etc. Other
than that, DP offers a method to solve many other problems like chain matrix
multiplication, assembly line scheduling and shortest path problems.

The main advantage of DP is that it always finds the global optimal solution
of a problem. The biggest drawback is that the computational complexity is
exponential to the number of states and inputs. Therefore special care has to
be taken to keep the complexity down. When working with continuous state
variables, they most often have to be discretized. This introduces numerical
errors that can be minimized with a finer discretization. However there is no
rule for how to choose the discretization so the user has to simply try and
balance between accuracy of the solution and computational time. One of the
main reasons for choosing DP was because of the availability of DPM which
helps enormously with setup of the problem.

Other methods to solve this refueling problem could have been a rule based
method or greedy method. one way is to choose the cheapest gas stations and
try to refuel there. If the current amount of fuel is not enough to reach the
cheap station, check between the current location and the target station for the
cheapest gas station within the reachable range. Repeat until all cheap inter-
mediate stations have been found and then refuel just enough at each stop to
reach the cheapest target station. This method can be very complicated when
conditions and limitations are added to the problem. Convex optimization
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could solve this problem. It is fast, reliable and can solve very large problems
but the problem has to be convex. It would be complicated to reformulate the
problem so that it can be solved using convex optimization

To better understand how DP works, examine Figure 1. It is a simple one
degree shortest path problem with 12 nodes. Between a pair of nodes is a line
and a number that represents the cost to travel from one node to the other. If
we start in node 1 and want to go to node 12, it is not obvious which way to
take to arrive with as little cost as possible. A subproblem here could be the
shortest path from node 6 to 12. We can observe that this subproblem depends
on the optimal solution of another subproblem in node 9 and 10. By finding
the optimal solution for node 9 and 10, the optimal solution for node 6 can
be found. To get the minimum cost from node 6 to node 12 we first calculate
the cost of node 9 and 10 which is simply cost(9) = 4 and cost(10) = 2. The
minimal cost from node 6 to 12 is calculated as

cost(6) = min

{
c(6, 9) + cost(9)
c(6, 10) + cost(10)

(2.1)

where c(6,9) is the cost to go from node 6 to 9 and c(6,10) the cost to go from
node 6 to 10.

Figure 1: One degree shortest path problem

2.2 DPM

dpm, short for Dynamic programming Matlab function [13], is a free generic
dynamic programming function for Matlab from ETH Zürich. It uses Bell-
mans dynamic programming algorithm to solve discrete-time optimal-control
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problems. To use this function the user has to provide the objective function1

and the model equations. The model equation in this case is the engine fuel
consumption model, explained in more detail in section 3 Modeling. There are
also several options and functions that the user can define to solve the opti-
mal control problem. The objective function is described as the cost of fuel.
On the route, gas stations are spread out and each one of them has different
fuel prices. The function starts from the final destination on the route and
calculates the fuel consumption in that instant with the model equations. It
continues backwards until it reaches a gas station and decides how much to
refuel there depending on the gas price and the distance to other stations. dpm
was chosen instead of modeling a custom algorithm because of the time frame
of the study, since the study does not focus on optimization algorithms, but
instead using it as a tool to solve the proposed problem. dpm is the only free,
generic DP function available.

1Objective function is what we want to minimize or maximize.
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3 Modeling

This section will focus on explaining the models, how the fuel consumption
model is derived and how it works together with DPM.

3.1 Fuel Consumption Model

The diesel fuel consumption model is made in Matlab for the 40 ton semi-
trailer truck. It is modeled using a quasi-static approach. In quasi-static
simulations the input variables is the driving cycle that has been recorded
before hand. An advantage with the quasi-static method is that the numerical
effort is relatively low compared to a dynamic method. The main drawback is
that the process is calculated "backwards", there is not direct relation between
cause and effect therefore the driving profile has to be known beforehand. The
driving cycle contains vehicle speed v(t), acceleration v̇(t), gear γ(t) as well as
grade angle α(t) of the road. With this data, the torque and speed at the wheel
can be calculated and, with the engine map, the fuel energy needed can be
converted to the corresponding amount of fuel. The forces acting on the truck
are aerodynamic, rolling friction, inertia residence and the gravitational force
due to the road profile angle. the aerodynamic resistance force is approximated
by simplifying the body of the truck to have a frontal area of Af . The drag
coefficient cd is derived through testing and experiments on the truck and is
assumed to be constant. The drag forces are modeled as

Faero(t) = 1/2 · ρa · Af · cd · v(t)2 (3.1)

where ρa is the density of the ambient air. The roll resistance forces are
modeled as

Froll(t) = mv · g · cr · cos(α(t)), v(t) > 0 (3.2)

where mv is the weight of the truck, g is the gravity acceleration and cr the
rolling friction coefficient. The term cos(α(t)) models how the roll force de-
pends on the angle of the road. The inertial forces modeled as

Finertia(t) = v̇(t) ·
(
mv +

Iw
r2w

)
(3.3)

takes into account the inertia of the vehicle and all rotating parts where Iw is
the inertia and rw is the radius of the wheel. The following equation

Fangle(t) = mv · g · sin(α(t)) (3.4)
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represents the force induced by gravity when driving on a non-horizontal sur-
face. These forces together determines the torque at the wheel as

Tw(t) = (Faero(t) + Froll(t) + Finertia(t) + Fangle(t)) · rw. (3.5)

The losses in the gearbox because of the gear efficiency γeff is modeled as

Te(t) =

{
Tw(t)

γ(t)·γeff (t)
, Tw(t) >= 0

Tw(t)·γeff (t)
γ(t)

, Tw(t) < 0
(3.6)

which depends on whether the torque at the wheels are positive or negative.
The speed and acceleration of the vehicle are converted using

ωw(t) = v(t)/rw

ω̇w(t) = v̇(t)/rw
(3.7)

to angular velocity and angular acceleration at the wheels. Using equation
3.8, the velocity at the engine can be derived as

ωe(t) = ωw(t) · γ(t)
ω̇e(t) = ω̇w(t) · γ(t).

(3.8)

Adding the torque induced by the inertia in the engine to the already calculated
Te(t) gives

Tei(t) = ω̇e(t) · Ie + Te(t). (3.9)

If the engine velocity decreases below the idle engine speed limit ωe0, the engine
speed is set as in 3.10.

ωe(t) =

{
ωe(t) , ωe(t) >= ωe0
ωe0 , ωe(t) < ωe0

(3.10)

The engine torque also has a limit for when it is considered to be idling.
This limit Te0 is set by the minimum value of the engine map. If the engine
torque Tei falls below the limit, only the friction torque Tfric(ωe(t)) from inside
the engine will be considered. This friction torque is taken from the engines
friction/torque map which depends on the current engine velocity.

Tei(t) =

{
Tei(t) , Tei(t) >= Te0
−Tfric(ωe(t)) , Tei(t) < Te0

(3.11)

The fuel rate r(t) is provided by the fuel map. If the input values to the
engine map are outside of its defined range, the value will be extrapolated
using spline.
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Figure 2: The Fuel Rate Map of a Diesel Engine

The auxiliaries losses from for example air conditioning or power steering is
taken into account by an additional mechanical power Paux. It is added to the
fuel rate by dividing it with the higher heating value (HHV ) of diesel [17].

ṁf(t) = r(t) + Paux/HHV (3.12)

The total fuel consumption at each time instant is ṁf(t) Ks/s.

3.2 DP Algorithm

The DP algorithm has a fixed final time tf and a fixed final value for the state
x(tf ). The state in this case is the amount of diesel in the tank. The final value
of the state is the amount of diesel desired when the destination is reached.
This value is a range of values rather than a single value to prevent the solution
to be unfeasible. In this problem there is only one state variable to keep the
complexity down. It can be summarized with the following equations:

min
u∈[umin,umax]

J(u(t)) (3.13)
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so that
ẋ(t) = F (x(t), u(t), t) (3.14)

x(0) = x0 (3.15)

x(tf ) ∈ [xf,min, xf,max] (3.16)

x(t) ∈ X (t) (3.17)

u(t) ∈ U(t) (3.18)

where

J(u(t)) = G(x(tf )) +

∫ tf

0

H(x(t), u(t), t)dt (3.19)

is the cost function [13]. Since this is a continuous problem and dynamic
programming is a numerical algorithm, equation (3.14) has to be discretized
as

xk+1 = Fk(xk, uk), k = 0, 1, ..., N − 1 (3.20)

where xk ∈ X is the state variable, representing current amount of diesel, and
uk ∈ U the control signal which represents the amount of diesel refueled at
each time instant k. The total number of times control is applied is denoted
by N . The function Fk describes the way by which the state is updated. the
discretizesing of the cost function (3.19) gives

J(x0) = φN(xN) +
N−1∑
k=0

hk(xk, uk) + φk(xk) (3.21)

where φN(xN) is an additional cost enforcing the final state constraint (3.16)
and the state constraints (3.17) are enforced by the cost from the function
φk(xk). As explained in section 2 Frame-of-reference, the optimal cost function
Jk(xi) at every node in the discretized state-time space is evaluated backwards
in time, the optimal control is given by

Jk(xik) = min
uk∈Uk

{hk(xik, uk) + φk(x
i
k) + Jk+1(Fk(x

i
k, uk))} (3.22)

for k = N − 1 to 0. xik denotes the state variable x in the discretized state-
time space at the node with time-index k and state-index i. The argument
that minimizes the right hand side of the equation (3.22) gives the optimal
control.
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4 Implementation

In this chapter, implementation of the dpm function is discussed.

4.1 DP formulation in DPM

DP requires a model equation, an equation with the control signal U as a
variable. In this simulation, the objective function is the fuel consumption of
the diesel engine. The control signal is the change of fuel put in the tank at
each gas station. This value in turn is added to the state variable X which in
this case represents the total amount of fuel in the tank. The total amount of
fuel in the tank is added to the weight of the truck so that the fuel consump-
tion increases as the weight increases. This is the basis how the dpm function
model equation works. The setup runs with a drive cycle that can be looped
depending on how long of a test is desired. On predetermined locations, gas
stations are placed, each with a randomized price within a certain range.

The dpm function is called using

[res dyn] = dpm(fun, par, grd, prb, options);

where fun is the name of the function being called, par is user defined param-
eters, grd is the grid structure, prb is the problem structure, and options is
the option structure. The output res and dyn contains the DP output solu-
tion and the optimal control signal map respectively. The signal map is used
to find the optimal signal during the forward simulation of the model. The
necessary parameters for the problem description is listed in tables 1 and 2.

Table 1: Problem structure (prb).

Syntax Description

Ts time step passed to the model function
N number of time steps, length of the problem
W{.} vectors of length N containing time variant data
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Table 2: Grid structure (grd).

Syntax Description

Nx{.} number of grid points in state grid
Xn{.}.lo lower limit of state
Xn{.}.hi upper limit of state
XN{.}.lo finale state lower constraint
XN{.}.hi finale state upper constraint
X0{.} initial value of state
Nu{.} number of grid points in input grid
Un{.}.lo lower limit of input
Un{.}.hi upper limit of input

There is an option to have a boundary line or not. The boundary line
will increase the accuracy even at smaller number of grid points when using
a finale state constraint. The model function containing the fuel consumption
model should have the format

function [X, C, I, signals] = model(inp,par).

where inp contains the input values seen in Table 3, generated by the dpm
function.

Table 3: Input structure (inp).

Syntax Description

X{.} current state
U{.} current input
W{.} current time variant data defined by the user
Ts time step

Again, X in this case represents the current amount of fuel in the tank and
is added to the total weight of the truck in the model function. U representing
the amount of fuel being refilled if we happen to be at a gas station. W is the
problem specific data such as information for the drive cycle and gas station
placement and prices. The outputs from the model function can be seen in
Table 4.
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Table 4: Model output.

Syntax Description

X{.} resulting state
C{.} resulting cost
I set to either 1 if infeasible or 0 if feasible
signals user defined output signals
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5 Results

Relating back to the problem introduced in section 1 Introduction, this section
presents the results and how they were acquired for a variety of tests to evalu-
ate how efficient the fuel strategy is. The tests will be compared to a strategy
that will minimize the number of stops and represents a driver that tries to
reach the destination as fast as possible and thus refueling full tank at every
stop. All tests are conducted on the BLB drive cycle seen in Figure 3. To get
a long enough testing route, the drive cycle is looped 15 times, this amounts
to almost 16 hours. An influencing parameter for this test is the size of the
fuel tank as it affects the amount of fuel that can be transported and thus
adding to the total weight. The effect of this tested fuel strategy will be more
profound with bigger fuel tanks. Although the standard amount of fuel carried
in a large semi trailer truck is around 900 liters, in these test the fuel tank has
been scaled down to a size of 200 and 400 liters. This is because testing with
a bigger fuel tank requires a longer test route which both increases the total
calculation time. Since this code is not optimized for speed, the decision was
made to test on a smaller scale.

The gas station locations will be spaced out so that every 400 seconds there
will be a stop to refuel at. This is how often you will pass a gas station on an
average Swedish road if the average cruise speed is 88km/h, about every 10km.
The fuel price has a large impact on how the strategy works. With a big range
of prices it will be cheaper to seek out those stations that are very cheap and
if the price is low enough, fill the tank. If on the other hand the price range is
small, it matters less which station we stop at and the best strategy turn out
to be stopping frequently to keep the weight of the fuel low. In these tests the
tested fuel ranges is 13.25 kr to 14.25 kr and 13.5 kr to 14 Kr. The price range
is close to the current gas price in Sweden. Except for the Randomness test
explained below, to make the tests more consistent each test uses the same
randomized prince range. For example all tests running the 13.5 to 14 Kr price
range has the same price vector. Every test has a final state value range which
requires that when the last point on the drive cycle is reached there should
be between 0 to 0.5 liter left in the tank. This amount of fuel left in the tank
is included when the total amount fuel spent is compared. All tests are also
down sampled by a rate of 5 which means only every 5th data point of the
original drive cycle will be used. Downsampling contributes less than 0.1% of
the fuel consumption. The number of grid points in the state grid Nx is set
to 16020 and the number of grid points for the input grid Nu is 801 and 1601
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for the 200 liter tank and 400 liter tank respectively.

Figure 3: Speed vector from the recorded drive cycle between Borås and Land-
vetter north of Gothenburg

Figure 4: Road angle vector from the recorded drive cycle between Borås and
Landvetter north of Gothenburg
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5.1 Test Types and Result

To test the refuel strategy, four types of tests were conducted.

• A normal test with only a cost for the money spent on refueling fuel.

• An extra cost test which also has a cost for the drivers salary and a
penalty for stopping at each gas station. The drivers salary is 0.045kr/s
during the drivel cycle and the stop penalty is estimated to take 657
seconds and in addition to that, 1 extra second for each liter being refiled.
The drivers salary is estimated from the average truck driver salary in
Sweden 2015.

• The third test modifies the drive cycle, it adds a deceleration and accel-
eration phase when the trucks stop and also an idle phase representing
time needed to refuel. This idle phase is always a minimum of 60 seconds
for each stop and also 1 second extra for each liter refueled. As DPM
is set up now, this can not be done in real time during the optimization
but instead, the normal test runs once and then the locations where the
truck stopped are saved and at those positions the BLB drive cycle is
modified to include the extra parts, see Figure 5. After that, the extra
cost test is run on the same gas station locations and prices with the
stop time changed to make the difference in cost between the extra cost
run and the modified one as small as possible. Finally, the minimize stop
strategy runs through the cycle with this extra stop time to compare the
results.

• The fourth and final test shows how the randomness of the price range
has an impact on the amount of fuel spent, the cost of the fuel, as well
as the number of stops. This test has the same costs as the normal test
with a fuel tank of 400 liters and with gas prices between 13.5 and 14
Kr. The test is conducted on the minimize cost strategy and also the
minimize stops strategy. Each test runs 10 times.

21



Figure 5: Speed vector from the modified drive cycle showing a gas station
stop.

5.1.1 Normal test

Test with gas prices between 13.5 and 14 kr and 200 liter tank.

Figure 6: Fuel levels for the 200 liter minimize cost strategy with gas prices
13.5-14.0 Kr.

22



Figure 7: Prices for all available gas stations with visited stations marked. 200
liter minimize cost strategy with gas prices 13.5-14.0 Kr.

Figure 8: Fuel levels for the 200 liter minimize stops strategy with gas prices
13.5-14.0 Kr.
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Figure 9: Prices for all available gas stations with visited stations marked. 200
liter minimize stops strategy with gas prices 13.5-14.0 Kr.

Table 5: Test results from the normal test. Price range: 13.5 and 14 kr. 200
liter tank.

Test type Minimize cost Minimize stops
Cost [Kr] 6139.1 6253.6
Fuel [Liter] 453.1563 453.4614

Number of stops 8 3
End fuel [Liter] 0.2359 0.1776
Total fuel [Liter] 453.3922 453.6390

Minimize cost strategy saves 0.2468 liter (0.05%) and 114.5 Kr (1.83%).
Next with 400 liter tank.
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Figure 10: Fuel levels for the 400 liter minimize cost strategy with gas prices
13.5-14.0 Kr.

Figure 11: Prices for all available gas stations with visited stations marked.
400 liter minimize cost strategy with gas prices 13.5-14.0 Kr.
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Figure 12: Fuel levels for the 400 liter minimize stops strategy with gas prices
13.5-14.0 Kr.

Figure 13: Prices for all available gas stations with visited stations marked.
400 liter minimize stops strategy with gas prices 13.5-14.0 Kr.
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Table 6: Test results from the normal test. Price range: 13.5 and 14 kr. 400
liter tank.

Test type Minimize cost Minimize stops
Cost [Kr] 6138.5 6210
Fuel [Liter] 453.1606 454.0237

Number of stops 8 2
End fuel [Liter] 0.1836 0.1591
Total fuel [Liter] 453.3804 454.1828

Minimize cost strategy saves 0.8023 liter (0.18%) and 71.5 Kr (1.15%).
Next test is with gas prices between 13.25 and 14.25 Kr for 200 liter.

Figure 14: Fuel levels for the 200 liter minimize cost strategy with gas prices
13.25-14.25 Kr.
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Figure 15: Prices for all available gas stations with visited stations marked.
200 liter minimize cost strategy with gas prices 13.25-14.25 Kr.

Figure 16: Fuel levels for the 200 liter minimize stops strategy with gas prices
13.25-14.25 Kr.
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Figure 17: Prices for all available gas stations with visited stations marked.
200 liter minimize stops strategy with gas prices 13.25-14.25 Kr.

Table 7: Test results from the normal test. Price range: 13.25 and 14.25 kr.
200 liter tank

Test type Minimize cost Minimize stops
Cost [Kr] 6071.9 6333.9
Fuel [Liter] 453.4152 453.4614

Number of stops 6 3
End fuel [Liter] 0.1313 0.1776
Total fuel [Liter] 453.5465 453.6390

Minimize cost strategy saves 0.0925 liters (0.02%) and 262 Kr (4.14%).
Next with 400 liter tank.
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Figure 18: Fuel levels for the 400 liter minimize cost strategy with gas prices
13.25-14.25 Kr.

Figure 19: Prices for all available gas stations with visited stations marked.
400 liter minimize cost strategy with gas prices 13.25-14.25 Kr.
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Figure 20: Fuel levels for the 400 liter minimize stops strategy with gas prices
13.25-14.25 Kr.

Figure 21: Prices for all available gas stations with visited stations marked.
400 liter minimize stops strategy with gas prices 13.25-14.25 Kr.
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Table 8: Test results from the normal test. Price range: 13.25 and 14.25 kr.
400 liter tank.

Test type Minimize cost Minimize stops
Cost [Kr] 6057.8 6362.8
Fuel [Liter] 453.8567 454.0237

Number of stops 4 2
End fuel [Liter] 0.33745 0.1591
Total fuel [Liter] 454.1941 454.1828

Minimize cost strategy saves -0.0113 (-0.002%) liters and 305 Kr (4.80%).

5.1.2 Extra Cost Test

Extra cost test with gas prices between 13.5 and 14 kr and 200 liter tank.

Figure 22: Fuel levels for the 200 liter minimize cost strategy with gas prices
13.5-14.0 Kr.
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Figure 23: Prices for all available gas stations with visited stations marked.
200 liter minimize cost strategy with gas prices 13.5-14.0 Kr.

Figure 24: Fuel levels for the 200 liter minimize stops strategy with gas prices
13.5-14.0 Kr.
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Figure 25: Prices for all available gas stations with visited stations marked.
200 liter minimize stops strategy with gas prices 13.5-14.0 Kr.

Table 9: Test results from the extra cost test. Price range: 13.5 and 14 kr.
200 liter tank.

Test type Minimize cost Minimize stops
Cost [Kr] 8831.1 8930.0
Fuel [Liter] 453.3745 453.4614

Number of stops 3 3
End fuel [Liter] 0.2870 0.1776
Total fuel [Liter] 453.6616 453.6390

Minimize cost strategy saves -0.0225 liters (-0.005%) and 98.9 Kr (1.11%).
Next with 400 liter tank.
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Figure 26: Fuel levels for the 400 liter minimize cost strategy with gas prices
13.5-14.0 Kr.

Figure 27: Prices for all available gas stations with visited stations marked.
400 liter minimize cost strategy with gas prices 13.5-14.0 Kr.
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Figure 28: Fuel levels for the 400 liter minimize stops strategy with gas prices
13.5-14.0 Kr.

Figure 29: Prices for all available gas stations with visited stations marked.
400 liter minimize stops strategy with gas prices 13.5-14.0 Kr.
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Table 10: Test results from the extra cost test. Price range: 13.5 and 14 kr.
400 liter tank.

Test type Minimize cost Minimize stops
Cost [Kr] 8828.3 8857.1
Fuel [Liter] 453.9499 454.0237

Number of stops 2 2
End fuel [Liter] 0.2441 0.1591
Total fuel [Liter] 454.2422 454.1828

Minimize cost strategy saves -0.0594 liters (-0.01%) and 28.8 Kr (0.32%).

5.1.3 Modified Drive Cycle Test

This test drive cycle is only looped 10 times. It has gas prices between 13.5
and 14 Kr and the truck has a 200 liter tank. First, the normal cost test
was done and by taking the same refuel locations as in the standard run and
modifying the drive cycle for each stop, the modified part can represent the
stop time. To be able to compare this test with the minimizing stop test, the
cost-to-go function with extra cost is used and the stop time is calibrated to
match the cost of the modified drive cycle. In this case a stop time of 657
seconds will give the same cost. Now the minimizing stop cost-to-go function
can be used with the stop time mentioned and the same driver salary.

Table 11: Test results from the modified drive cycle test. Price range: 13.5
and 14 Kr. 200 liter tank.

Test type Modified drive cycle test Minimize stops
Cost 5911.8 5933.8

Fuel [Liter] 307.943 302.3746
Number of stops 5 3

End fuel 0.1685 0.2526
Total fuel 308.1115 302.6272

In this test, the fuel amount can not be compared since the modified test
has to go an extra distance to refuel. This extra distance is instead represented
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as an extra cost (stop time) on the minimize stop strategy. What can be
compared is the cost and amount of stops. The modified drive cycle that tries
to minimize cost spends 24 Kr (0.4%) less but stops 2 times more. Figure 31
illustrates the fuel consumption of a fuel stop as seen in Figure 30. Each fuel
stop consumes about 1.13 Liters.

Figure 30: Acceleration and deceleration phase of a fuel stop for the modified
drive cycle test.

Figure 31: Fuel consumption of a fuel stop

5.1.4 Randomness Test

This test has the same setup as the normal test with a 400 liter tank and gas
prices between 13.5 and 14 Kr. It tests the randomness of the price range
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starting with the minimize cost strategy.

Figure 32: Number of stops for 10 tests for the 400 liter minimize cost strategy
with gas prices 13.5-14.0 Kr.

Figure 33: Cost for 10 tests for the 400 liter minimize cost strategy with gas
prices 13.5-14.0 Kr.

39



Figure 34: Fuel spent for 10 tests for the 400 liter minimize cost strategy with
gas prices 13.5-14.0 Kr.

Table 12: Test results from the randomness test with minimize cost strategy.
Price range: 13.5 and 14 Kr. 400 liter tank.

Max cost [Kr] 6179.6
Average cost [Kr] 6143.9

Standard deviation cost [Kr] 17.7888
Min cost [Kr] 6125.2

Max total fuel [Liter] 454.0101
Average total fuel [Liter] 453.6051

Standard deviation fuel [Liter] 0.2102
Min total fuel [Liter] 453.3442
Max stops [Times] 7

Average stops [Times] 5.4
Standard deviation [Times] 0.9660

Min stops [Times] 4

Next we test the randomness of the price range for the minimize stop
strategy.
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Figure 35: Number of stops for 10 tests for the 400 liter minimize stop strategy
with gas prices 13.5-14.0 Kr.

Figure 36: Cost for 10 tests for the 400 liter minimize stop strategy with gas
prices 13.5-14.0 Kr.
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Figure 37: Fuel spent for 10 tests for the 400 liter minimize stop strategy with
gas prices 13.5-14.0 Kr.

Table 13: Test results from the randomness test with minimize stop strategy.
Price range: 13.5 and 14 Kr. 400 liter tank.

Max cost [Kr] 6312.8
Average cost [Kr] 6238.32

Standard deviation [Kr] 62.1111
Min cost [Kr] 6137.2

Max total fuel [Liter] 454.1828
Average total fuel [Liter] 454.1828
Standard deviation [Liter] 0

Min total fuel [Liter] 454.1828
Max stops [Times] 2

Average stops [Times] 2
Standard deviation [Times] 0

Min stops [Times] 2

In this test minimize cost strategy saves 94.42 Kr and 0.5777 liters while
stopping on average 3.4 times more.
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6 Discussion

In this chapter the results from the tests, the benefits of the fuel strategy and
possible improvements, are discussed.

6.1 Test Results

Is the strategy proposed in this study a viable option to use in order to save
fuel and money? As shown in the previous chapter for the normal test, a very
small amount of fuel can be saved. For the 400 liter tank test, stopping 6 times
more on a 16 hour drive to save 0.6962 liter (0.18%) is not motivating. The
weight of the diesel simply doesn’t have that big of an effect on the total fuel
consumption. With a bigger fuel tank the amount of saved diesel will be larger
but also the difference in number of stops. If the fuel consumption to exit the
highway and reach the gas station were to be included, the amount of fuel saved
would be even less. In a real case scenario, the transporting company would
probably also want a minimum limit of fuel in the tank at all times to avoid the
risk of having to stop on the road due to lack of fuel. In these tests, the truck
never runs out of fuel since that would mean not reaching the final destination.

Money spent on fuel however has a bigger difference when comparing the
two strategies. Even with a fuel price range of only 0.5 Kr, in the normal test
with a 400 liter tank, 71.5 Kr can be saved. Since the amount of fuel saved is
so small, this difference comes only from the fact that the minimize cost strat-
egy chooses cheap gas stations. But to reach those cheap stations we might
have to refuel a small amount at an expensive station, so for the minimize
cost strategy to only refuel at cheap stations does not really work. A trade
off between number of stops and saved gas money would probably result in a
more useful strategy. The number of stops also depends on what order the fuel
prices are for each station. If the price is high in the beginning and descends,
the best strategy is to refuel such an amount to just reach the next station.
When the price range increases the difference is of course bigger. The normal
test is the "best case scenario" with no cost penalty to stop more often. The
extra cost test tries to add these penalties and the result is obviously an even
smaller difference in fuel and money saved.

The purpose of the modified drive cycle test is to include a way to repre-
sent the extra costs for the time wasted when stopping at a gas station. This
test shows that the amount of fuel saved by refueling more frequently and
carrying less weight has no impact when the extra stretch of road to the gas
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station is included. That extra driving probably spends more fuel than what
is saved. Even the amount of money saved is only 24 Kr, particularly because
of the extra fuel spent driving to each stop but also as salary. The fourth
randomness test shows that the fuel consumption is not affected much by how
the fuel price affects the amount of stops. The difference in fuel consumption
from stopping 7 times compared to 4 times is 0.67 Liter. The difference in cost
is naturally bigger because of the chance to get a cheap/expensive price range
with the biggest difference being 54.4 Kr.
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7 Conclusion

We have in this study been investigating the benefits of a fueling strategy that
tries to minimize fuel expenses by deciding how much and where to refuel.
Transport cost is often one of the biggest expenses for commercial companies.
Therefore there is a a big incentive to decrease the cost of transportation. Is
this strategy an efficient way to do that and save both fuel and fuel expenses?
Although using a strategy like this shows some signs of lowering at least the
fuel expenses, it is at a cost of both time and more work for the driver. Al-
most all saved money comes from simply refuelling at cheaper gas stations and
not in saving any amount of fuel. Since most transporting companies already
have pre negotiated prices at specific stations, setting up a strategy like this
would prove difficult and redundant. When observing the extended drive cycle
test, it is apparent that the extra driving required to reach the stations and
the time wasted is too large to justify the fuel cost savings. To answer the
research questions in the introduction, I believe it not be an effective way of
saving transport expenses and not worth the time each extra stop takes. The
delivery time to deliver goods to the customer is at least as important if not
more than the shipping price. Making every extra stop is probably much more
costly than suggested here.

The test for the extended drive cycle can be improved by setting up dpm in a
way so that the drive cycle changes during the test so the extra distance can
be added each time it refuels. Doing this would make the test more accurate
and valuable. Another interesting approach to try out would be to have an
extra state for number of times refueled. By having that as a separate state,
the number of times refuelled can be controlled along side the fuel cost. Con-
sidering that most fuel money is saved from simply choosing cheap stations, by
having two states, a trade off between fuel cost and time spent can be made.
we could first run a minimize amount of stop test with one state to see how
few times we have to stop to reach the destination and then add the other
state and set the amount of stops to the same amount as the minimize stop
test. We could then focus on saving time by limiting the amount of times we
are allowed to stop but also choosing cheap stations. I think a strategy like
that would be more useful.
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