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Abstract
Raw wood is the largest single good that is transported by VR Transpoint in Finland,
making roughly 30% of the total tonnage of all rail transports of VR Transpoint. The
demand for raw wood transports in Finland has increased in the past few years to the
extent that VR Transpoint decided to invest in 200 new raw wood wagons in June 2018 to
increase the transportation capacity. Reasons for the increase in the raw wood transport
demand are, of course, that the demand for the products made by the Finnish forest
industry has increased, but also that the production capacity of the Finnish forest industry
has increased. The increase of the raw wood transport demand has led to a situation in
which the raw wood wagon fleet is being used as its maximum capacity. Moreover, this
has led to empty wagon shortages as there has not been extra spare wagons to save from
train traffic delays and disruptions. However, these empty wagon shortages could possibly
be prevented by more efficient empty raw wood wagon circulation planning, which is the
focus of this thesis.

In this thesis, an empty raw wood wagon circulation optimization model is developed
for the empty raw wood wagon circulation planning of the short-term planning phase.
The objective is that the optimization model could be used as a support in the decision
making of the empty raw wood wagon circulation planning in the future. This optimization
model is developed for the Finnish rail network and with the planning preferences of the
VR Transpoint in mind, but it could be modified to be used on other rail networks and
preferences as well.

The empty wagon circulation problem is formulated as a multi-commodity network prob-
lem. The objective of the model is to minimize the following three objects while taking
many rail transportation constraints into account: (i) the parkings of wagons in not-desired
locations, (ii) the wagon kilometers, and (iii) the train kilometers. The significance and
ratio of these three objects can be modified by altering the corresponding cost parameter of
each object. The formulated problem is implemented and solved with IBM ILOG CPLEX
Optimization Studio and different factors affecting the run times of the model are studied.

First, the effect of the length of the planning period on the run time is studied. Next, it is
investigated how the amounts of orders and existing trains increase the run time. These
first two studies are done without the train kilometer cost of the objective function. Finally,
the effect of the train kilometer cost in the run time and the quality of the solutions are
studied. It turns out that the optimization model can be solved in reasonable time for
real-life sized problems. In addition, the train operating cost has a huge impact on the
optimization time, but the use of it results in better and more cost-efficient plans.

Keywords rail transport, raw wood transport, empty wagon circulation,
multi-commodity flow problem, optimization
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Tiivistelmä
Raakapuu on suurin yksittäinen VR Transpointin kuljettama rahtitavara Suomessa ja se
on noin 30% kokonaistonnimäärästä, jonka VR Transpoint kuljettaa rautateillä. Raaka-
puukuljetusten kysyntä on kasvanut Suomessa viime vuosina siinä mittakaavassa, että
VR Transpoint päätti kesäkuussa 2018 investoida 200 uuteen raakapuuvaunuun kas-
vattaakseen kuljetuskapasiteettia. Syy kasvaneelle raakapuukuljetusten kysynnälle on
ensinnäkin se, että kysyntä Suomen metsäteollisuuden tuottamille tuotteille on kasvanut,
mutta tämän lisäksi Suomen metsäteollisuuden tuotantokapasiteetti on kasvanut. Kasva-
nut raakapuukuljetusten kysyntä on johtanut siihen, että raakapuuvaunustoa käytetään
sen maksimikapasiteetilla. Tämä puolestaan on johtanut tyhjävaunupuliin, kun ei ole ol-
lut ylimääräisiä tyhjävaunuja pelastamassa junaliikenteen myöhästymisiltä ja häiriöiltä.
Tyhjävaunupulia voidaan mahdollisesti estää tehokkaammalla raakapuutyhjävaunujen
siirtojen suunnitellulla, mikä onkin tämän työn painopiste.

Tässä työssä kehitetään tyhjien raakapuuvaunujen siirtojen optimointimalli lyhyen aika-
välin suunnitteluvaiheen tyhjien raakapuuvaunujen siirtojen suunnitteluun. Tavoite on,
että optimointimallia voitaisiin tulevaisuudessa käyttää tukena tyhjien raakapuuvaunu-
jen siirtojen suunnittelussa. Tämä optimointimalli on suunniteltu Suomen rautatieverkol-
le ja VR Transpointin suunnittelupreferenssit mielessä, mutta sitä voitaisiin muokata
käytettäväksi myös muilla rautatieverkoilla ja preferensseillä.

Tyhjien raakapuuvaunujen siirtojen ongelma formuloidaan monihyödykevirtausmallina.
Mallin tavoite on minimoida kolmea seuraavaa tekijää ottaen samalla huomioon monia
junakuljetuksiin liittyviä rajoitteita: (i) vaunujen pysäköintejä ei-toivotuissa paikoissa,
(ii) vaunukilometrejä ja (iii) junakilometrejä. Näiden kolmen eri tekijän merkittävyyttä ja
suhdetta toisiinsa voidaan säätää muokkaamalla niiden kustannusparametrejä. Tämä
formuloitu ongelma implementoidaan ja ratkaistaan IBM ILOG CPLEX Optimization
Studiolla ja sitten tutkitaan eri tekijöitä, jotka vaikuttavat mallin ajoaikoihin.

Työssä tutkitaan ensin, miten suunnittelujakson pituus vaikuttaa ajoaikoihin. Seuraavak-
si selvitetään tilauksien ja olemassa olevien junien määrän vaikutusta ajoaikoihin. Nämä
kaksi tutkimusta tehdään ilman junakilometrikustannusta tavoitefunktiossa. Lopuksi
tehdään tutkimus junakilometrikustannuksen vaikutuksesta ajoaikaan ja mallin ratkai-
sujen laatuun. Tutkimusten perusteella optimointimalli voidaan ratkaista järkevässä
ajassa oikean maailman kokoisilla ongelmilla. Lisäksi huomataan, että junakilometrikus-
tannuksella on suuri vaikutus optimointiaikaan, mutta sen käyttö johtaa parempiin ja
kustannustehokkaisiin suunnitelmiin.

Avainsanat rautatielogistiikka, raakapuukuljetus, tyhjävaunusiirto,
monihyödykevirtausmalli, optimointi
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1. Introduction

1.1 Background and Motivation

VR Transpoint is a Finnish freight logistics company which transports

goods by trucks and trains mostly within Finland. It had a turnover of 393

million euros and transported 38.4 million tons of goods by rail and 5.4

million tons by trucks in the year 2017 [1]. VR Transpoint is one division

of VR Group which has, in addition to rail and road logistics, passenger

and infrastructure services and is owned entirely by the Finnish state.

The goods transported by VR Transpoint consist mainly of the materials

and products of forest, metal, chemistry and construction industries. Of

those, the raw wood makes roughly 30% of the total tonnage of all rail

transports of VR Transpoint. The demand for raw wood transports in

Finland has increased in the last years so much that VR Transpoint

decided to invest in 200 new raw wood wagons in June 2018. Reasons for

that is of course that the demand for Finnish forest industry has increased,

but also the production capacity has increased. One of the biggest factors

for the increase is the Metsä Group’s new bioproduct mill in Äänekoski

which came into operation in August 2017.

Because of the increased raw wood transport demand, the usage of the

raw wood wagon fleet has also increased to its maximum. In this situation,

there have been more empty wagon shortages than previously. This has

many possible reasons. For example, there are less extra or spare empty

wagons available that could save from shortages in case of delays or disrup-

tions in the transport cycles. Other possible reason is inefficient planning

of the empty wagon movements, which is the focus of this thesis. The goal

is to improve the efficiency of the empty wagon distribution.
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Introduction

1.2 Research Objectives and Scope

The research objective of this thesis is to develop an optimization model for

the empty raw wood wagon circulation planning in Finland. In addition to

developing an optimization model, literature review on transportation op-

timizations is presented. The suitable optimization model is implemented

and the factors affecting the run time of the model are studied. The study

of the practical feasibility of the plans made by the model and the imple-

mentation of the model into the VR Transpoint planning process are left

out of the scope of this thesis.

1.3 Structure of the Thesis

The rest of this thesis is structured as follows. Chapter 2 briefly introduces

the raw wood transport planning process, including the process of the

empty raw wood wagon circulation planning. Chapter 3 reviews literature

on optimization of rail, truck and aircraft transportation and on solution

methods of multi-commodity flow problems. Chapter 4 describes the formu-

lation of the empty wagon circulation optimization as a multi-commodity

flow model. Chapter 5 presents and discusses the factors affecting the

run time of the model, and Chapter 6 concludes the thesis and suggests

prospects for future developments.

2



2. Raw Wood Transport Planning

This chapter is based on the discussions with Jani Pasma, long-term raw

wood transport planner at VR Transpoint, and Jani Jaatinen, short-term

raw wood transport planner at VR Transpoint. Raw wood transport is

the process of transporting raw wood from loading locations to unloading

locations, which are mainly wood processing factories. Loading locations

are the sites, on which the raw wood is loaded to the empty raw wood

train wagons. The raw wood is transported by the customers to the loading

locations from the nearby forests by trucks. The loaded wagons are then

transported by trains through a central station to the destination location.

The unloading of the loaded wagons in the unloading locations is carried

out by the customers.

Loading location Unloading location

Central station 1

Central station 2

1.

2.
3.

4.

(5.)

Figure 2.1. An example illustration of a typical raw wood transport. Trains 1, 4 and 5 are
empty wagon trains and Trains 2 and 3 are trains with loaded wagons.

An illustration of a typical raw wood transport is presented in Figure 2.1.

Train 1 is the transportation of the empty wagons to Loading location from

Central station 1. After the customer has loaded the wagons, they are

3
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brought back to Central station 1 with Train 2. It is also a possibility that

the wagons are loaded at two different loading locations and put together

at Central station 1, from which they would continue as one train to

Unloading location. Sometimes, the loaded wagons can also go straight to

the unloading location from the unloading location without going through a

central station. From Central station 1, Train 3 delivers the loaded wagons

to Unloading location, where they are unloaded by the customers. After

the wagons are unloaded, the empty wagons are delivered to the nearest

central station, Central station 2 in this case, with Train 4. Train 5 is part

of the empty wagon planning, which is the process of balancing the wagons

between all the central stations to make sure that there are empty wagons

available to every new loading at all central stations during the planning

period.

There are six different types of raw wood wagons in use at VR Transpoint

and they are divided to two main types: Sp and Snps. The first wagon

main type, Sp, consist of four wagon types: Sp, Sps, Spa and Spar. The

second main type, Snps, consists of two wagon types: Snps and Snpss.

There are two main differences between these two main types: first, the

Snps wagons have higher max load tonnage (65.5 tons) compared to the Sp

wagons (57-58.5 tons) and second, the Snps wagons have metal barriers at

both ends. All the wagon types that belong to the same main type can most

of the time be replaced with each other, but there are some constraints

that block the replacement of Sp wagons with Snps wagons and vice versa.

Moreover, due to the different max load tonnages, the Snps and Sp wagons

are not mixed with each other for practical reasons.

The process of planning raw wood transports consists of two phases: a

long-term planning and a short-term planning phase. The planning period

is 3 weeks meaning that the plan is made for 3 weeks at a time and

it is the same for both phases. In the long-term planning phase, based

on the demand forecasts provided by the customers, the planner plans

and agrees the loading and unloading windows with the customers and

plans all trains to these windows that can be planned in this stage of the

planning. The unloading and loading windows are time windows at the

loading and unloading locations specifying when the window will start

and end and on which date it takes place. These time windows are agreed

with the customers so that they know to plan their personnel to be on the

(un)loading locations at the right times.

4



Raw Wood Transport Planning

In the short-term planning phase, the planning is based on the actual

orders received from the customers. Based on the orders, the planner

chooses which loading and unloading windows are used and plans all the

necessary, still unplanned, trains and cancels all the unneeded trains. The

empty wagon planning is done at the end of the short-term planning phase.

All the needed empty wagon trains are planned to even out the unbalances

between the central locations to prevent the empty wagons from running

out at some locations and also, on the other hand, to prevent oversupply

of empty wagons at some other location at any time during the planning

period.

2.1 Long-Term Planning

The raw wood long-term planning phase is based on the demand forecasts

provided by the customers. Depending on the changes of the forecasts, the

planner replans the loading and unloading windows: if the demand has

increased, more of these windows are needed and vice versa if the demand

has decreased.

Loading location 4

Central station

LOADING REGION

Unloading location

1.

3.

Loading location 3

Loading location 1

Loading location 2

2.

Figure 2.2. An example picture of a loading region. In the long-term planning phase, only
the Train 1 can be planned, because the demand forecasts are often provided
only for loading regions. Trains 2 and 3 can be planned in the short-term
planning phase, when the orders with exact loading locations are received.

After making changes to the unloading and loading windows, the planner

plans trains to new loading and unloading windows to the extent as it is

possible at this stage of the planning. For example, it is not possible to

plan the trains to and from loading locations, because often the forecasts

5
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are not given for an exact loading location, but for a loading region instead.

An example picture of a loading region is shown in Figure 2.2. The loading

regions consist normally of one central station and multiple loading loca-

tions. Only the Train 1 from the example picture can usually be planned

in the long-term planning phase and Trains 2 and 3 are planned in the

short-term planning phase when the exact loading locations are known.

The forecasts usually have the exact unloading location (factory), so the

trains from the nearest central station of the loading region to the factory

(or at least to the nearest central station of the factory) can be planned. The

trains are planned with loading windows in mind, so that the new trains

are in time in the unloading location before the start of the unloading

windows. Next, all trains corresponding to possibly cancelled (un)loading

windows are cancelled by the planner.

Finally, empty wagon planning is done on region level to balance the

incoming wagons to match the outgoing wagons for each region. The long-

term plan is based on customer forecasts, which can vary greatly from the

actual demand. In addition, the whole plan can not be made based only

on the forecasts. For these reasons, a short-term planning phase which is

based on the actual orders received from the customers, is needed.

2.2 Short-Term Planning

Short-term planning phase starts when actual orders are received from

the customers. Unlike the demand forecasts, the orders specify the exact

loading location instead of the loading region. Furthermore, the orders

contain the information about the unloading location, the amount and

type of wagons needed, the type of wood that is transported, and the date

on which the loaded wagons are wanted to be at the unloading location.

The orders also contain a lot of information that is less important to the

planning process. The plan made in the long-term planning is taken as a

starting base for the short-term planning.

Planning starts with assigning each order to available unloading and

loading windows. After assigning the orders to the windows, the planner

continues with planning the trains from the central station to the loading

location. These trains are also called as treetop or branch trains (Trains

2 and 3 in Figure 2.2). Next, the still unplanned trains to and from the

unloading locations are planned and after that, the unneeded trains that

6
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were planned in the long-term planning, are cancelled. Finally, the empty

wagon planning is done the same way as in the long-term planning phase:

the wagon balances are checked on a region level to balance the incoming

and outgoing wagons at all the regions for the whole 3-week planning

period.

There is not enough time currently for this empty wagon planning in the

short-term planning phase and the empty wagon plans are often incomplete

at the end of the planning. In addition, even though there were enough time

to complete the empty wagon planning, the region and day level planning

does not guarantee the sufficiency for each loading of the planning period.

For instance, it may be that the day level balance is okay, but one of the

loadings is before the last incoming empty wagon train of that day and

in case there are no excessive empty wagons at the central station, there

are no empty wagons available for that loading. For these reasons, the

short-term empty wagon planning is the focus of this thesis and the goal is

to speed up the planning process and to improve the quality of the plans.

7



3. Literature Review

3.1 Rail Transport Optimizations

This thesis focuses on the optimization of empty raw wood wagons, but the

optimizations of other transport methods are also taken into consideration

in this chapter as a reference. Bussieck et al. [2] focuses on passenger train

optimizations and states that analytic models from cargo transport are of

limited use in passenger transport, because they are based on different

presumptions, for instance, cargo trains are dispatched based on demand

rather than according to a train timetable. However, Bussieck et al. [2]

present a problem which is applicable to the empty wagon planning as well:

multiple depot vehicle scheduling problem (MDVSP). It is the problem of

allocating train units from multiple different depots to schedule trains,

such that all trips are served and every constraint is fulfilled. MDVSP has

been shown to be NP-hard when the number of depots is more than one [3]

and it is a well studied subject (see for example [4], [5]). MDVSP can be

formulated as a multi-commodity flow (MCF) problem [2].

The MDVSP of Bussieck et al. [2] is presented next. It is a basic model that

gives a good idea of formulating the MDSVP as MCF problem. Schedule

trip is a part of a train’s path served by a specific train unit. Let T denote

the set of all schedule trips. A trip i ∈ T can be served by specific train

units that have different operational cost and capacity. The train units

of the same cost and type are gathered in a depot d ∈ D. The number of

train units in depot d is denoted by rd. Two schedule trips i, j ∈ T are

called compatible if the same train unit of depot d can serve them both

while taking into account the time to travel from the destination of trip i to

the start location of trip j, including extra idle time in between. Feasible
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solutions to the MDVSP allocate suitable train units to compatible schedule

trips such that all trips are fulfilled and the amount of train units taken

from each depot d is not more than rd. Next, this MDVSP is formulated as

MCF problem in the directed multigraph G = (D ∪ T , A =
⋃

d∈D Ad). Two

compatible trips i, j ∈ T have an arc in Ad, if a train unit of depot d can

serve them both. The cost of these arcs is comprised of the costs of using

such a train unit for the compatible trips i and j.

For trip i and depot d, the arcs id and di exist in Ad, if a train unit of

depot d can serve trip i. The cost on arc di consist of the operational and

capital costs of using a train unit of depot d, while the cost of arc id covers

only the operating cost. Schedule trips using minimum number of train

units can be achieved by using enormously large capital cost on arc di. It

is also pointed out that all the arcs represent deadhead trips (trips with

no passengers or freight) and that each arc is allocated to only one depot.

Compatible cycles start and end in depot d ∈ D and they go along arcs from

Ad through a sequence of compatible schedule trips. These cycles form a

feasible circulation in the multigraph G. The objective function of the MCF

is minimizing the total cost of all deadhead trips (arcs from Ad) that are

needed to perform all schedule trips.

Let δ−d (i) = {ji | ji ∈ Ad} and δ+d (i) = {ij | ij ∈ Ad} for all depots d ∈ D.

The solutions are described by a binary vector x with xa = 1 if and only if

arc a is utilized in one of the cycles in the solution. With this notation, the

next integer MCF is derived [2]:

min
∑
d∈D

∑
a∈Ad

caxa (3.1)

s.t.
∑

a∈δ+d (d)

xa ≤ rd for all d ∈ D, (3.2)

∑
d∈D

∑
a∈δ+d (i)

xa = 1 for all i ∈ T , (3.3)

∑
a∈δ+d (i)

xa −
∑

a∈δ−d (i)

xa = 0 for all i ∈ T , d ∈ D, (3.4)

xa ∈ {0, 1} for all a ∈ A. (3.5)

The objective function in (3.1) seeks to minimize the costs of all the dead-

head trips a ∈ Ad from all the depots d ∈ D, where ca is the cost of arc

a operated by a vehicle of depot d. Constraints (3.2) limit the number of

vehicles taken to use from depot d to be less or equal than the number

9
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of vehicles in that depot for all depots d ∈ D. Constraints (3.3) force all

trips to be served by one and only one vehicle from some depot d. Con-

straints (3.4) force the solution to be a circulation by requiring the vehicle

from depot d serving trip i to leave the trip to another compatible trip or

by going back to the depot d. Last constraints (3.5) make the solution to be

an integer programming solution.

In the model of Bussieck et al. [2], the train units are passenger train units,

but the problem in the empty wagon planning is of the same analogy: train

units are raw wood wagons and the schedule trips are the orders (raw

wood transports from the loading location to the unloading location).

3.2 Empty Wagon Distribution Optimizations

Misra [6] was among the first to apply linear programming to the empty

wagon distribution problem. Misra’s objective function is to minimize the

total hours that wagons travel as empty while meeting the supply and

demand requirements and taking the route capacities and route conges-

tion into consideration. Holmberg et al. [7] study the empty freight car

distribution at Swedish State Railways. They model the problem as a

time-expanded integer multi-commodity network flow problem, in which

the commodities are the different types of cargo wagons. The objective of

the model is to minimize the costs of the empty freight car movements

while meeting the customer demand. The possibilities of the empty car

movements are limited by the rail network and train timetables. The

model has a penalty for car shortages, which is given in situations in which

the cars are not in time at the customer when was ordered. They found

out through computational tests that the problem is solvable in reasonable

time for problems of authentic size and that the quality of the planning

process could be improved with the wagon distribution plans generated by

the model.

3.3 Other Transport Optimizations

Bunte and Kliewer [8] give an overview of the vehicle scheduling models in

public transport bus companies. They first present the single depot vehicle

scheduling problem (SDVSP), which is a simplification of the MDVSP with

10
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only one depot, from which the whole bus fleet is handled from. Next, they

present different solution approaches to the SDVSP and state that it can

be solved with polynomial time algorithms. Towards the end, they present

the MDVSP and few different ways to model it and different solution

approaches to these models. Finally, different practical extensions, such

as different vehicle types and groups, time windows and route constraints

are discussed. Forbes et al. [9] study the multiple depot bus scheduling

problem and present an exact algorithm for solving it. Kim et al. [10] study

a school bus scheduling problem which they model as a vehicle routing

problem with time windows by treating trips as virtual stops.

Barnhart et al. [11] study the applications of operation research in the air

transport industry. They state that fleet assignment models formulated

as multi-commodity flow problems are broadly in use in the air industry

and have achieved cost savings of millions of dollars annually. In fleet

assignment problem, the task is to allocate an aircaft type to all flight legs

with the objective of minimizing the total costs. Hane et al. [12] have for-

mulated the fleet assignment problem as a multi-commodity network flow

problem with side constraints. Their fleet assignment problem formulated

as MCF consists of [11]:

• Nodes that represent the locations and times of each flight leg arrivals

and departures.

• Flight arcs that represent the flight legs. The arrival times are

adjusted to include the minimum time required to include the refuel-

ing, embarking and disembarking the passengers, and loading and

unloading of the luggage.

• Ground arcs that represent aircraft’s idle time on the ground between

flights.

Hane et al.’s [12] model have also the following side constraints:

• Cover: Only one aircraft type is assigned to each flight leg.

• Aircraft count: The maximum number of available aircraft must not

be exceeded.

• Balance: The number of assigned flights departing a station as arriv-

ing at that station is the same for all aircraft types. This constraint

forces the flow of the fleet to be a circulation.

11
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This model is formulated similarly as the models of Abara [13] and Berge

and Hopperstad [14]. Abara’s model also determines the fleeting decision,

but in addition, has more variables to determine the order of flights for

each individual aircraft. Due to the extra variables, the model size grows

enormously when increasing the number of flights. The model of Berge

and Hopperstad is a part of a dynamic fleet assignment system and is

constrained by equal ready times for all aircraft types. This model does

not generate an implementable solution, because it does not take into

consideration crew and maintenance planning factors. [12]

3.4 Solution Methods for MCF problems

Ahuja et al. [15] provides a good introduction to a general solution method

called Lagrangian relaxation. It is one of the few methods that can be

applied across the domains of linear and integer programming, combi-

natorial optimization, and unlinear programming. The solution method

is very flexible and can be applied in multiple possible ways to different

problems. For this reason, rather than being any single solution technique,

the Lagrangian relaxation is more of a solution framework and a general

problem solving strategy. [15]

Next, Ahuja et al.’s [15] approach for using the Lagrangian relaxation for

solving a MFC problem is presented. Multi-commodity flow problem has

many commodities k ∈ K flowing through a network of arcs and nodes. Let

G = (N , A) be a directed multigraph with a set N of n nodes and a set A

of m arcs. An integer number b(i) is associated with each node i ∈ N that

represents the supply/demand of the node. b(i) is positive for supply nodes,

negative for demand nodes and zero for transhipment nodes. Each arc (i, j)

has a total capacity uij that restricts the total flow of all commodities on

that arc. Let us denote the flow vector of commodity k on arc (i, j) with xkij ,

and the flow vector and cost per unit vector of commodity k with xk and

ck respectively. With this notation we can formulate the following MCF

problem [15]:

min
x

∑
k∈K

ckxk (3.6)

12
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s.t.
∑
k∈K

xkij ≤ uij for all (i, j) ∈ A, (3.7)

∑
{j:(i,j)∈A}

xkij −
∑

{j:(j,i)∈A}

xkji = bk(i) for all i ∈ N & all k ∈ K, (3.8)

0 ≤ xkij ≤ ukij for all (i, j) ∈ A & all k ∈ K, (3.9)

where
∑n

i=1 bk(i) = 0 for all k ∈ K. The objective function in (3.6) is to

minimize the total cost of all flows. Constraints (3.7) limit the flow on each

arc to be at most the flow capacity of the arc. Constraints (3.8) force the

difference between the outflow and inflow to be bk(i) for each node i ∈ N

and commodity k ∈ K. Last constraints (3.9) limit the flow of individual

commodities on each arc. For applications that do not have these kind of

bounds, the individual capacities ukij can be set to +∞.

To apply the Lagrangian relaxation to this kind of MCF problem, we

associate Lagrange multipliers wij ≥ 0 with the arc capacity constraints 3.7

and get the following Lagrangian subproblem [15]:

L(w) = min
x

∑
k∈K

ckxk +
∑

(i,j)∈A

wij

(∑
k∈K

xkij − uij

)
(3.10)

which can be equivalently written as

L(w) = min
x

∑
k∈K

∑
(i,j)∈A

(ckij + wij)x
k
ij −

∑
(i,j)∈A

wijuij (3.11)

s.t.

∑
{j:(i,j)∈A}

xkij −
∑

{j:(j,i)∈A}

xkji = bk(i) for all i ∈ N & all k ∈ K, (3.12)

xkij ≥ 0 for all (i, j) ∈ A & all k ∈ K. (3.13)

The term
∑

(i,j)∈Awijuij in the objective function in (3.11) is constant for

any fixed values of wij , so it can be ignored. In the remaining objective

function, there is a cost ckij + wij associated with every flow variable xkij .

Furthermore, note that all the constraints in the Lagrangian subproblem

contain no more than one of the commodities. For this reason, the problem

can be decomposed into separate minimum cost flow problems, one for each

commodity. The Lagrangian subproblem can be solved, for example, by a

subgradient method, but the solution methods are not presented in detail

in this thesis.

13
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The solution to the Lagrangian subproblem might not be feasible to the

original optimization problem, but the solutions of the Lagrangian sub-

problem has one key result that makes the Lagrangian relaxation valuable

in practice. The result is called Lagrangian Bounding Principle and it

says the following [15]: For any vector w of the Lagrangian multipliers,

the value of the Lagrangian function L(w) is a lower bound to the optimal

objective function value z∗ of the original optimization problem. Conse-

quently, the sharpest lower bound for z∗ can be obtained by solving the

following optimization problem:

L∗ = max
w

L(w) . (3.14)

This problem is also called the Lagrangian multiplier problem. Because

of the bounding principle, the solution L∗ of the Lagrangian multiplier

problem is always the lower bound on the optimal objective function value

z∗ of the original optimization problem. With this information, we can

get the following relation between the objective function values of the

Lagrangian multiplier problem and the original optimization problem

for any multiplier values w and any feasible solution x of the original

problem [15]:

L(w) ≤ L∗ ≤ z∗ ≤ cx . (3.15)

Relation (3.15) can be used to test the optimality of the solutions by the

following two properties [15]:

1. Suppose that x is a feasible solution to the original optimization

problem and w is a vector of Lagrangian multipliers satisfying the

condition L(w) = cx. Then L(w) is an optimal solution of the La-

grangian multiplier problem and x is an optimal solution to the

original optimization problem.

2. Suppose that for any choice of Lagrangian multipliers w, the solution

x∗ of the Lagrangian subproblem is feasible in the original opti-

mization problem. Then w is an optimal solution to the Lagrangian

multiplier problem and x∗ is an optimal solution to the original opti-

mization problem.

Lagrangian relaxation method offers one great advantage based on the

previous two properties: it can guarantee the optimality of a feasible

solution x∗ of the original optimization problem. Moreover, even though
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the optimal solution x∗ is not found, the Lagrangian relaxation gives a

bound on how far any given feasible solution x of the original optimization

problem is from optimality. This is of great value in practice. For example,

presume that one would want to end the search of the optimal solution

when the currently found feasible solution x to the original optimization

problem is at maximum 1% away from optimality. This could be achieved

based on the bounding principle and relation (3.15) with the following

termination condition:
cx− L(w)

L(w)
≤ 0.01 . (3.16)

Many other algorithms for solving MDVSPs have been invented and stud-

ied in various papers: Carpaneto et al. [16] introduce a branch and bound

algorithm. Hadjar et al. [17] study a branch and cut algorithm which is

also studied in [18] and [19]. Ribeiro and Soumis [20] present a column

generation approach. Different heuristic algorithms are studied by Pepin

et al. [21] and Dell’Amico et al. [22]. Ho et al. [23] presents two hybrid

genetic algorithms to solve MDVSPs. Hane et al. [12] presented the node

consolation idea for reducing the problem size of network flow problems

by combining the nodes of consecutive arrivals and departures. It reduced

the size of the Hane et al.’s aircraft fleet assignment model for more than

40%. The node consolidation has been generalized and implemented in

commercial solvers [11].

For more about network flow problems and optimization, see [15], [24],

[25], [26], [27], [28] and [29].

15



4. Empty Wagon Circulation
Optimization Model

4.1 Background and Problem Description

Empty raw wood wagon planning can be done after the orders have been

planned to the loading and unloading windows in the short-term planning

phase, and the plan is made for the same 3-week planning period. Empty

wagon planning is based on the actual orders received from the customers

and on the empty wagon trains planned in the long-term planning phase.

The relevant information of the orders for the empty wagon planning is:

1. The start time and location of the loading.

2. The end time and location of the unloading.

3. The amount of raw wood wagons needed.

The first one specifies the location and the time when the empty wagons

should be delivered at the latest. The second point tells the location and

the time when the empty wagons are available again and ready to be

distributed to the next loading of some other order. The last point states

the amount of wagons that are needed for the loading and that are freed

from the unloading. The transportation of the loaded wagons between

points 1. and 2. is done with one or more loaded trains. However, in

the empty wagon circulation planning, only the distribution of the empty

wagons between the orders is in focus. The way of delivering the loaded

wagons from the loading to the unloading is not considered.

The trains have almost the same information as the orders: both start and

end times and locations are known. The difference is that the amount of

wagons needed for a train is not fixed: in theory it can be anything between
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0 and 32 wagons. However, the minimum amount in practice is about

16 wagons, because trains with less than that are not profitable. When

making the empty wagon planning, the use of already planned empty

wagon trains is prioritized: they already exist, so using them does not

create any extra work. However, the demand can not be forecast with exact

precision in the long-term planning phase, so new extra trains are very

likely needed in order to achieve a feasible empty wagon distribution plan.

Major location

Minor location

Electrified track

Non-electrified track

Figure 4.1. An example illustration of the rail network. The rail network consists of major
and minor locations and has both electrified and non-electrified tracks.

An example illustration of the rail network is shown in Figure 4.1. The rail

network consists of two kinds of locations: major and minor locations. The

major locations are preferred locations in which to store the empty wagons:

they have the capacity (enough space) and the personnel to handle and

move the wagons when needed. Minor locations are all other locations

than major ones and it is not preferred to store empty wagons in minor

locations. Instead, the empty wagons should be moved to major locations or

straight to the next loading from a minor location. Furthermore, it should

also be taken into account that not all tracks are electrified and it is a lot

more expensive to transport raw wood through non-electrified tracks with

diesel locomotives than with electric locomotives through electrified track.

For this reason, the planner should, of course, prefer the electrified path

instead of the non-electrified one, if both are plausible.

The planning period of the short-term empty wagon planning is 3 weeks,

but any number of weeks between 1 and 3 can be optimized by the model.

The data for the model contains all the raw wood orders and raw wood
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empty wagon trains that start during the selected planning period. The

data is assumed to be cyclical in time. This means that all the orders and

trains that end after the last Sunday of the planning period, are assumed

to end on the beginning of the planning period. This is done by subtracting

the length of the planning period from the end times of all the orders and

trains, that are after the end time of the planning period. Furthermore, by

assuming the data to be cyclical in time, we assume that at the start of the

planning period all the wagons are located where they are in the end of

the planning period. Example of a cyclical planning period is presented in

Figure 4.2. The example is for trains, but the same logic is applied also for

orders.

Week 1 Week 3Week 2

Train 1Train 2 Train 2

Figure 4.2. An example illustration of a cyclical 3 week planning period. Train 1 and
Train 2 are both of the same duration, but Train 2 ends after the last Sunday
of the planning period. However, due to the cyclicality, Train 2 ends on the
first week of the planning period.

The problem of the empty wagon distribution planning is to make all the

necessary empty wagon moves so that every order and every empty wagon

train used in the planning have empty wagons available at their start time

and location. The objective is to achieve this with the use of the minimum

amount of wagon kilometers (trains) and, especially, new extra trains. The

following practical constraints should be met when planning the empty

wagon circulations:

(C1) The exact amount and the type of wagons must be delivered to load-

ings that were ordered by the customer.

(C2) Trains must only have one type of assigned wagons.

(C3) Trains can have maximum of 32 assigned wagons.

(C4) The amount of arriving wagons must match the amount of departing

wagons at all locations.

(C5) The amount of wagons parked at a location should not exceed the

maximum parking capacity of that location.

(C6) The amount of wagons used by the plan must not exceed the maxi-

mum amount of wagons available for use.
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(C7) (The parking of wagons at minor locations should be avoided.)

The model used in this thesis bases on the model presented in the Master’s

Thesis of Eskola [30]. Eskola’s model is used to optimize the locomotive

circulations in Finland and it works well for that purpose. This model

is thought to be a suitable basis for the model of this thesis, because

locomotive and empty wagon circulations have a lot of analogies, of which

the largest one is that both are constrained by the same rail network.

4.2 Problem Formulation as Multi-commodity Flow Problem

The MCF model for empty wagon circulation planning consists of a time-

expanded directed network G = (N,A) with a set N of n nodes and a set A

of m arcs. The model contains a set W of w different wagon types and all

the wagon types w has a fleet size value Fw that indicates the maximum

amount of wagons available to use.

Arcs in the model contain the following information:

1. Type T .

2. The start time tstart.

3. The start location xstart.

4. The end time tend.

5. The end location xend.

6. A binary value awpos that indicates whether wagon type w can be

assigned for the arc. awpos is 1 if wagon type w can be assigned for the

arc and 0 otherwise.

7. Minimum amount awmin of wagons of wagon type w that must be

assigned for the arc.

8. Maximum amount awmax of wagons of wagon type w that can be as-

signed for the arc.

9. The distance d of the arc in kilometers.

The model has four different kind of arcs:

1. Order arcs that represent the orders. They have the start time, the

loading location, the end time, and the unloading location inherited
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from the corresponding order. It is preferred that the amount and

the type of wagons are delivered exactly as the customer has ordered.

This is why, for order arcs, awpos is 1 for the ordered wagon type and 0

for every other wagon type. Moreover, the amount of wagons ordered

by the customer equals awmin = awmax for the ordered wagon type, and

for all other wagon types awmin = awmax = 0.

2. Existing train arcs that represent the already planned trains in the

long-term planning phase. The existing trains can have any start

times, end times and locations, and all types of wagons are possible

to transport with them. This means that awpos = 1 for all wagon types

w. The minimum amount awmin of wagons for the existing train arcs

is 0, and the maximum amount awmax of wagons is 32 wagons, for all

wagon types w. The distance d of the existing train arc is the actual

distance of the corresponding train.

3. Extra train arcs that represent possible connections between different

locations and times. These arcs are created for the model as extra

options, which can be used in cases when the existing train arcs are

not enough to make a feasible and practical plan. With large enough

penalty for using the extra train arcs, the model can be forced to use

them only when it is not possible to create a feasible plan otherwise.

However, with the use of a smaller penalty, the model can also utilize

the extra train arcs in situations in which, for example, some trip

would be impractically long or costly when using only the existing

trains arcs. This penalty is a positive integer parameter Pextra which

is used when calculating the distance d of the extra train arcs. The

distance d is calculated by multiplying the actual distance of the

trip by the parameter Pextra. The penalty Pextra accounts also for the

extra work that is needed when using extra trains arcs because the

extra trains do not have timetables like the existing trains do. For

this reason, the planner must apply a timetable for every extra train

arc that is used by the model.

For minor locations, extra train arcs are created for each arriving

and departing order arc. The creation logic of the extra train arcs

is illustrated in Figure 4.3. For arriving order arcs, the extra train

arcs are created to depart 60 minutes after the arrival of the order

arc. Furthermore, for each arriving order arc, one extra train arc

is created for every possible connection of the minor location. For
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example, let us assume that some minor location A has three possible

connections (locations to go to): B, C and D. Now, for every arriving

order arc, one extra train arc is created for every possible connection

(three in total), that depart from the minor location A and arrive to

the possible connection location. In this case, the extra train arcs

that are created after each arriving order arc, would be A-B, A-C and

A-D. For departing order arcs, the extra train arcs are created the

same way, but the difference is that they are created to arrive to the

minor location 60 minutes before the departing order arc. For the

example minor location A, the extra train arcs that are created before

each departing order arc, would be B-A, C-A and D-A.

Departing order arc Arriving order arc

OrderOrder
A

B

C

D

A

B

C

D

2 2

1

3

1

3

Figure 4.3. An example illustration of the creation logic of the extra train arcs. Mi-
nor location A has three possible connections B, C and D. For departing
order arcs, extra train arcs are created to arrive 60 minutes before the
departure time of the order arc. For arriving order arcs, extra train
arcs are created to depart 60 minutes after the arrival time of the order
arc.

For major locations, 6 extra train arcs are created per day for each

major location’s possible connection. To illustrate, if a major location

E has two possible connections F and G, then 6 extra train arcs are

created per day for both E-F and E-G connections, which makes 12

extra train arcs per day in total for major location E. Extra train arcs

have same characteristics as existing train arcs.

4. Parking arcs that represent wagons that are in parking at a location.

They have the same start and end location (the location in which

the wagons are in parking) and they are created to every location

between every arriving and departing arc. It is possible to park both

types of wagons, meaning that awpos = 1 for all wagon types w. The

minimum amount awmin of wagons for parking arcs is by default 0,

and the maximum awmax is 100, for all wagon types w. The distance
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d of parking arcs is 0 for major locations. For minor locations, the

distance d is the duration of the parking arc in hours multiplied by

penalty parameter Pminor. For example, if Pminor = 10, then every

minor location parking arc gains 10 km distance for every hour of the

duration of the parking arc.

Let us denote the following subsets of arcs:

• Order arcs Aorders is a subset of arcs that contains all the order arcs.

• Train arcs Atrains is a subset of arcs that contains all the existing and

extra train arcs.

• Asnapshot is a subset of all the arcs that go over some exact date and

time. It is chosen, for simplicity, that this time is the midnight after

the last day of the planning period. Due to the cyclicality of the

planning period, it holds for all the arcs in Asnapshot that tstart > tend.

Nodes in the model are created at the start and at the end of each arc

(time and location) and they connect all the arcs together. Nodes have

the following information: location xnode and time tnode. None of the nodes

have supply or demand meaning that they are all transhipment nodes.

The demand in the model is defined by the awmin values of the arcs.

4.3 Decision Variables

The model has two decision variables. The first decision variable

Xw
amount ∈ {0, 1, ..., awmax} is the amount of wagons of wagon type w

assigned for each arc. The second decision variable is Xw
assigned ∈ {0, awpos}

that indicates whether any wagon of wagon type w is assigned to the arc

or not. The variable Xw
assigned is 0 when awpos = 0, and it can have either of

the values {0, 1} when awpos = 1.

4.4 Constraints

Let us denote the incoming amount of wagons of wagon type w to node n

by δw+(n) and the outgoing amount of wagons of wagon type w from node

n by δw−(n). Let m.tstart, m.tend, m.xstart and m.xend denote the start time,

the end time, the start location, and the end location of arc m, respectively.

Moreover, let n.tnode and n.xnode denote the time and the location of node n.
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The incoming and outgoing wagon amounts δw+(n) and δw−(n) are calculated

by the following formulas:

δw+(n) =
∑

m∈B+(n)

Xw
amount(m) , (4.1)

δw−(n) =
∑

m∈B−(n)

Xw
amount(m) , (4.2)

where

B+(n) = {m ∈ A | m.tend = n.tnode ∧ m.xend = n.xnode}, (4.3)

B−(n) = {m ∈ A | m.tstart = n.tnode ∧ m.xstart = n.xnode}. (4.4)

The first constraints are the flow conservation constraint:

δw+(n)− δw−(n) = 0 for all n ∈ N and for all w ∈ W. (4.5)

Constraints (4.5) force the plan to be a circulation and guarantees the

conservation of the wagons. These constraints add the Constraints (C4)

into the model.

The second constraints are:

∑
w∈W

Xw
assigned(m) = 1 for all m ∈ Aorders. (4.6)

Constraints (4.6) force that at least one and only one type of wagons are

assigned to the order arcs.

The third constraints are:

∑
w∈W

Xw
assigned(m) ≤ 1 for all m ∈ Atrains. (4.7)

Constraints (4.7) force the trains to have at maximum of one type of wagons

assigned.

The fourth constraints are:

Xw
amount(m) ≥ awmin(m)·Xw

assigned(m) for all m ∈ A and for all w ∈ W. (4.8)

Constraints (4.8) force the amount of the assigned wagon type to be at
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least the defined minimum amount of that wagon type of the arc, for all

arcs. However, these constraints allow the amounts of other wagon types

than the assigned one to be less than the defined minimum amounts. For

example, let us assume that for a train arc it is possible to assign wagons

of one of two different wagon types. Furthermore, for this train arc, the

minimum amounts of both wagon types are defined to be more than 0. Now,

Constraints (4.8) force the amount of the assigned wagon type to be at

least the defined minimum amount, but allow the amounts of other wagon

types to be 0.

The fifth constraints are:

Xw
amount(m) ≤ awmax(m) for all m ∈ A and for all w ∈ W. (4.9)

Constraints (4.9) force the amount of assigned wagons to be the defined

maximum amount of that wagon type, for all arcs. These constraints

add the Constraints (C5) to the model, when the awmax values for the

parking arcs are defined so that they take the parking capacities into

account. Furthermore, Constraints (4.6), (4.8) and (4.9) together add the

Constraints (C1) to the model, when:

1. The ordered wagon type is defined to be the only possible wagon type

for the arc. This means that awpos = 1 for the ordered wagon type and

0 for others.

2. The minimum awmin and maximum awmax amounts of wagons are both

exactly the ordered amount of wagons for the ordered wagon type,

and 0 for other wagon types.

The sixth constraints are:

Xw
assigned(m) ≤ awpos(m) for all m ∈ A and for all w ∈ W. (4.10)

These constraints force that only the possible wagon types can be assigned

to the arcs.

The seventh constraints are:

Xw
amount(m) ≤ 32 ·Xw

assigned(m) for all m ∈ Atrains and for all w ∈ W.

(4.11)

Constraints (4.11) guarantee that, for train arcs, only wagons of the as-

signed wagon type are assigned. These constraints together with Con-
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straints (4.7) add the Constraint (C2) to the model. In addition, Con-

straints (4.7), (4.9) and (4.11) add the Constraints (C3) to the model when

the maximum amount awmax of wagons is defined to be 32 for all wagon

types for the train arcs.

The eight constraints are:

∑
m∈Asnapshot

Xw
amount(m) ≤ Fw for all w ∈ W. (4.12)

Constraints (4.12) guarantee that the model does not use more wagons

than the fleet sizes of the wagon types. These constraints add the Con-

straint (C6) to the model.

The objective is to minimize the total distance traveled by the wagons. For

this reason, the Constraints (C7) are taken into account in the model by

the penalty Pminor that adds distance to the minor location parking arcs.

The distances of major location parking arcs are always 0. Consequently,

because of the objective, the model avoids parking of the wagons in minor

locations and prefers to park them in major locations instead.

4.5 Objective Function

Let m.d denote the distance d of arc m. Note that the distance d does

not represent the actual length of the arc (except for existing train arcs).

Rather, it represents the costs associated with arc m. In addition, recall

that the Pextra and Pminor penalty parameters have an impact on the value

of the variable m.d (see Section 4.2). Furthermore, let cwkm denote the

kilometer cost of the wagon type w and let ctrain denote the kilometer cost

of operating a train. The cost ctrain covers the costs of reserving a driver

and a locomotive for the train. The objective function of the model is the

following:

∑
m∈A

∑
w∈W

cwkm ·Xw
amount(m) ·m.d+

∑
m∈Atrains

∑
w∈W

ctrain ·Xw
assigned(m) ·m.d .

(4.13)

The objective of the model is to minimize the objective function (4.13). The

first term in the objective function represents the total costs of the wagon

kilometers. It has to be pointed out that these costs are not the actual costs

of the wagon kilometers of the plan, because, for example, the actual extra
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train arc distances are multiplied by the Pextra penalty parameter. Another

reason is that the minor location parking arcs have distance larger than

0 depending on their duration and the Pminor penalty parameter. As a

matter of fact, the first cost term in the objective function guides the model

to minimize three things at the same time:

1. The actual wagon kilometers.

2. The amount of used extra train arcs.

3. The duration of the parking of wagons in minor locations.

The significance of each of the previous points can be modified by the

magnitude and ratio of the wagon kilometer cost cwkm, the extra train arc

penalty Pextra, and the minor location parking penalty Pminor.

The second term in the objective function represents the total costs of

operating the trains. This term is calculated only for the train arcs Atrains

and it is only dependent on the fact that whether a train arc has been used

by the model or not. The decision variable Xassigned is 1 if at least 1 wagon

of some wagon type has been assigned to the train arc. It is worth noticing

that this cost does not increase when the amount of wagons assigned to

the train arc increases over 1. The first assigned wagon to a train arc

triggers this cost and makes the first assigned wagon costly. However, all

the assigned wagons after the first one are ”free” when considering only

this second cost term. For this reason, the second cost term in the objective

function guides the model to maximize the amount of assigned wagons of

the train arcs and, at the same time, to minimize the amount of used train

arcs.

The second cost term is essential for the feasibility of the plan in practice,

because it is not cost-efficient to drive trains that only have a couple of

wagons assigned. However, this second cost term greatly increases the run

time of the model, as will be pointed out in the next chapter.
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5. Results and Discussion

The model is implemented and solved with IBM ILOG CPLEX Optimiza-

tion Studio and all the following results are ran with the same computer

that has Intel Core i7-6600U 2.81GHz CPU and 8GB DDR3 2133MHz

RAM. Different factors that might affect the run time of the model are

studied in the following sections. The optimizations in Sections 5.1 – 5.2

are ran without the second term of the objective function (4.13) by setting

the cost parameter ctrain to 0. The effect of the second term of the objective

function on the run time of the model is studied in Section 5.3. The default

parameter values used in the optimization runs are presented in Table 5.1.

Table 5.1. Default parameter values that are used in the optimization runs if not said
otherwise.

F sp F snps cspkm csnpskm Pminor Pextra ctrain

2000 480 0.50 e/km 0.50 e/km 10 km/h 2 0 e/km

5.1 Length of the Planning Period

The input data for this study is the orders and existing trains that repre-

sent one raw wood transport planning week. The data of this one planning

week is copied to get the longer planning periods for the optimization.

These tests are ran for planning period lengths of 1, 2, 3, 4 and 5 weeks.

The problem sizes and median, minimum and maximum run times for

planning periods of different lengths are presented in Table 5.2. One-week

planning period contains 199 order arcs, 384 existing train arcs, 2037

extra train arcs, 3936 parking arcs and the same amount of nodes. Due to

copying of the input data of the first planning week, the amount of arcs
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and nodes for the longer planning periods are multiples of the amounts of

the one-week planning period.

Table 5.2. Problem sizes and median, minimum and maximum run times with different
planning period lengths.

Problem Size

Weeks 1 2 3 4 5

Order arcs 199 398 597 796 995

Extra train arcs 2037 4074 6111 8148 10185

Existing train arcs 384 768 1152 1536 1920

Parking arcs 3936 7872 11808 15744 19680

Nodes 3936 7872 11808 15744 19680

Median Run Times

Weeks 1 2 3 4 5

Presolve time (s) 23.99 73.14 152.71 252.13 390.99

Optimization time (s) 1.38 5.94 13.42 38.05 57.33

Total run time (s) 25.36 79.25 165.88 290.38 448.73

Minimum Run Times

Weeks 1 2 3 4 5

Presolve time (s) 23.16 71.54 150.35 251.58 385.82

Optimization time (s) 1.33 5.89 13.11 37.86 57.20

Total run time (s) 24.63 77.51 163.82 289.44 443.02

Maximum Run Times

Weeks 1 2 3 4 5

Presolve time (s) 27.28 74.48 158.73 268.84 394.63

Optimization time (s) 1.47 6.11 14.11 38.25 58.31

Total run time (s) 28.66 80.37 172.70 307.00 452.49

Three different run times are presented in Table 5.2: presolve time, opti-

mization time, and total run time. Presolve time is the time that it takes

for the CPLEX to import and process the input data to the model and

perform a presolve for the problem. The presolve is a process to reduce

the problem size passed to the optimizer by eliminating variables and con-

straints by logical reductions. Optimization time is the time that it takes to

optimize the problem and get the optimum solution after the data import
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and the presolve. Total run time is the sum of the previous two times and

it measures the time between the start of the optimization process and

the end when the optimum solution is obtained. Each planning period

of different length was optimized five times, because the run times have

some variation between each run. The planning period of 3 weeks was

optimized 10 additional times (15 times in total) to study the variation and

the distribution of the run times.

The times presented in Table 5.2 are the median, the minimum, and the

maximum run times of the five runs, except for the 3-week period, for which

they are of the 15 runs. For the 1-week period, the presolve time median is

23.99 seconds, the minimum is 23.16 seconds, and the maximum is 27.28

seconds. The optimization time median is 1.38 seconds, the minimum is

1.33 seconds, and the maximum is 1.47 seconds. The total run time median

is 25.36 seconds, the minimum 24.63 seconds, and the maximum is 28.66

seconds.

For the 2-week period, the presolve time median is 73.14 seconds, the

minimum is 71.54 seconds, and the maximum is 74.48 seconds. The

optimization time median is 5.94 seconds, the minimum is 5.89 seconds,

and the maximum is 6.11 seconds. The total run time median is 79.25

seconds, the minimum 77.51 seconds, and the maximum is 80.37 seconds.

For the 3-week period, the presolve time median is 152.71 seconds, the

minimum is 150.35 seconds, and the maximum is 158.73 seconds. The

optimization time median is 13.42 seconds, the minimum is 13.11 seconds,

and the maximum is 14.11 seconds. The total run time median is 165.88

seconds, the minimum 163.82 seconds, and the maximum is 172.70 seconds.

For the 4-week period, the presolve time median is 252.13 seconds, the

minimum is 251.58 seconds, and the maximum is 268.84 seconds. The

optimization time median is 38.05 seconds, the minimum is 37.86 seconds,

and the maximum is 38.25 seconds. The total run time median is 290.38

seconds, the minimum 289.44 seconds, and the maximum is 307.00 seconds.

The optimization time almost triples between the runs of 3-week and 4-

week periods, when it only doubles between the runs of 2-week and 3-week

periods. In addition, the gap of 17.26 seconds between the minimum and

maximum of the presolve time for the 4-week period is significantly greater

when compared to the other periods. However, the median presolve time

252.13 seconds is very close the minimum of 251.58 seconds. Finally, for the

5-week period, the presolve time median is 390.99 seconds, the minimum
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is 385.82 seconds, and the maximum is 394.63 seconds. The optimization

time median is 57.33 seconds, the minimum is 57.20 seconds, and the

maximum is 58.31 seconds. The total run time median is 448.73 seconds,

the minimum 443.02 seconds, and the maximum is 452.49 seconds.

The variation of the optimization time is much smaller when compared to

the presolve time. The maximum gap between the minimum and maximum

optimization times is 1.11 seconds for the 5-week planning period runs,

whereas this maximum gap for the presolve time is 17.26 seconds for the

4-week planning period runs. This indicates that the presolve process has

a random factor that affects the run time more than for the optimization

process. Another interesting fact is that the median of the optimization

time is always closer to the minimum time than the maximum time for all

planning periods. The same does not apply to presolve or total run times,

although more often their medians are closer to the minimum than the

maximum (3 out of 5 times).
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Figure 5.1. Histograms of the optimization and presolve times of the 15 runs for the
3-week planning period.

Histograms of the optimization and presolve times of the 15 runs for the

3-week planning period are presented in Figure 5.1. Most of the runs fall

between 13.40 – 13.60 seconds for the optimization time, and between

152 – 154 seconds for the presolve time, both with the count of five. The

shapes of both histograms are quite similar to each other: both of the

histograms are right-tailed meaning that the data points are concentrated

more towards the minimum value of the data points. Positive skewness

values of 0.78 for the optimization time and 0.50 for the presolve time

support this observation. Very likely reason for this is that there are some
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absolute minimum times that can not be beaten. For the most part, both

optimization and presolve are able to get close to this minimum time, but

sometimes, probably due to some random factor, they are a bit slower.

Standard deviation is 0.31 seconds for the optimization time and 2.74

seconds for the presolve time, which makes sense as the optimization

times are all tightly packed within 1 second from each other, whereas the

presolve times are scattered more loosely within 8.38 seconds.
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Figure 5.2. Plot of the optimization median run time of the model with the different
lengths of the planning period.

The plot of the optimization median run time of the model with the different

lengths of the planning period is presented in Figure 5.2. It can be seen

that the optimization time grows rapidly, at least polynomially, when the

planning period length is extended. The optimization median time for the

1-week planning period is 1.38 seconds and for the 5-week planning period

it is already 57.33 seconds. This means that by multiplying the length of

the planning period by 5, the optimization median time grows to be over

40 times larger.
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Figure 5.3. Plot of the presolve and the total median run times of the model with the
different lengths of the planning period.

The plots of presolve and total median run times are presented in Fig-

ure 5.3. It can be seen that the total run time consist mostly of the presolve

time with planning periods of length 5 or less weeks. Let us examine the

growth rates of the week averages of the optimization and the presolve

median times. The optimization and presolve median times per week

are calculated by dividing the corresponding times in Table 5.2 with the

number of the planning weeks. These values are presented in Table 5.3.

Table 5.3. Optimization and presolve median times per week. The values are calculated by
dividing the corresponding times in Table 5.2 with the number of the planning
weeks.

Weeks 1 2 3 4 5

Optimization time per week (s) 1.50 3.55 5.83 11.05 15.14

Presolve time per week (s) 24.40 43.43 60.27 77.28 95.10

The optimization and presolve median times per week values are plotted in

Figure 5.4. The presolve time per week increases linearly when the number

of weeks are increased. This means that the presolve time presented in

Figure 5.3 grows quadratically when the number of weeks are increased.

The presolve time includes the data importation time which should be

linearly dependent on the amount of data. Thus, it seems that the amount
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of actions that the presolving algorithm does for each week/object in the

problem is linearly dependent on the number of weeks/objects in the model.
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Figure 5.4. Plot of the optimization and presolve median times per week of the model
with the different lengths of the planning period.

It can be seen from Figure 5.4 that the optimization time per week grows

faster than linearly, meaning that the growth of the complexity of the

problem and of the optimization time is greater than quadratic. For this

reason, the optimization time increases faster than the presolve time,

meaning that if the number of weeks would be increased, the optimization

time would, at some point, be the greater factor in the total run time. The

weeks are identical with each other and the solution of the first week could

also be applied with the other weeks. However, the optimization algorithm

most likely does not solve the problems with one week at a time and, in

addition, two consecutive weeks are never identical in practice.

5.2 Amount of Orders and Existing Trains

The input data for this study is the same that was used in Section 5.1. In

other words, the data contains the same orders and existing trains that

represent one raw wood transport planning week. The difference is that

now the length of the planning period is not extended. Instead, the problem

size is increased inside the 1-week planning period. This means that now

the problem complexity is not increased by expanding the problem in the

time dimension. Instead, the complexity of the problem is increased by

increasing the problem size while keeping length of the planning period as

fixed. This is done by copying the data of the 1-week planning period and
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by shifting all the start and end times of the orders and existing trains

by 10 minutes, and adding this shifted one-week data to the input data.

Because of the cyclicality of the planning period, all orders and existing

trains that go over the last day of the planning period, are shifted to start

on the first day of the planning period. This study is done for the 1-week

planning data multiples of 1, 2, 3, 4 and 5.

The fleet sizes Fw must now also be increased when increasing the problem

size while keeping the length of the planning period fixed. The reason for

this is that when increasing the problem size this way, more orders must

be transported in the same amount of time, which will require a larger

amount of wagons. The fleet sizes Fw presented in Table 5.1 are multiplied

by the same factor than the amount of planning data for each run. For

example, the fleet sizes Fw are multiplied by two for the problem size of

two times the 1-week planning data. The fleet size parameters used with

the different sized problems are presented in Table 5.4.

Table 5.4. The fleet size parameters used with the different sized problems.

Weeks 1 2 3 4 5

F snps 480 960 1440 1920 2400

F sp 2000 4000 6000 8000 10000

The problem sizes and median, minimum and maximum run times for

the 1-week planning period with different amounts of data are presented

in Table 5.5. The problem with planning data of 1 week has 199 order

arcs, 2037 extra train arcs, 384 existing train arcs, 3936 parking arcs, and

3936 nodes. For the larger problems, the amounts of order, extra train and

existing train arcs are multiples of the corresponding amounts with 1-week

planning data. The 1-week planning data which is multiplied for different

size problems is the same than used in the previous section. Consequently,

the amounts of order, extra train and existing train arcs are the same

for all the problems of different size, presented in Table 5.2 in the earlier

section. Moreover, the amounts of parking arcs and nodes are the same

for the 1-week sized problem. However, for problem sizes that contain the

planning data of 2 to 5 weeks, the amounts of parking arcs and nodes are

now smaller than in the case of increasing the problem size by expanding

its length. The reason for this is that because all the planning data takes

now place within the same 1-week period, some of the order, extra train
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and existing train arcs start or end at the same time and location. This

means that they share same nodes which reduces the amount of nodes and

parking arcs for problem sizes with 2 to 5 weeks.

Table 5.5. Problem sizes and median, minimum and maximum run times with different
amounts of orders and existing trains for the same 1-week period.

Problem Size

Weeks 1 2 3 4 5

Order arcs 199 398 597 796 995

Extra train arcs 2037 4074 6111 8148 10185

Existing train arcs 384 768 1152 1536 1920

Parking arcs 3936 7786 11565 15213 19191

Nodes 3936 7786 11565 15213 19191

Median Run Times

Weeks 1 2 3 4 5

Presolve time (s) 29.36 76.78 156.53 265.54 430.83

Optimization time (s) 1.92 1.98 5.03 3.69 11.05

Total run time (s) 31.42 78.76 161.48 269.15 441.88

Minimum Run Times

Weeks 1 2 3 4 5

Presolve time (s) 25.93 76.03 152.83 262.19 414.21

Optimization time (s) 1.84 1.98 4.95 3.61 10.66

Total run time (s) 27.84 78.03 157.89 265.80 424.87

Maximum Run Times

Weeks 1 2 3 4 5

Presolve time (s) 33.43 77.25 160.56 268.65 436.46

Optimization time (s) 2.22 2.03 6.09 3.83 15.34

Total run time (s) 35.27 79.23 165.62 272.48 448.98

The median, minimum, and maximum run times of presolve time, opti-

mization time, and total run time are also presented in Table 5.5. Each

problem was ran five times and the problem that contains the planning

data of three weeks was ran 10 additional times (15 times in total). For

the problem with the planning data of one week, the presolve time median

is 29.36 seconds, the minimum 25.93 seconds, and the maximum 33.43
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seconds. The optimization time median is 1.92 seconds, the minimum

1.84 seconds, and the maximum 2.22 seconds. The total run time median

is 31.42 seconds, the minimum 27.84 seconds, and the maximum 35.27

seconds. For the problem with the planning data of two weeks, the pre-

solve time median is 76.78 seconds, the minimum 76.03 seconds, and the

maximum is 77.25 seconds. The optimization time median is 1.98 seconds,

the minimum is 1.98 seconds, and the maximum is 2.03 seconds. The total

run time median is 78.76 seconds, the minimum is 78.03 seconds, and the

maximum is 79.23 seconds. It is worth noticing that the optimization time

median is almost the same for the 2-week planning data problem (1.98 s)

than for the 1-week planning data problem (1.92 s) although the problem is

double in size. However, the presolve time median has more than doubled

for the 2-week planning data problem (76.78 s) when compared to the

1-week planning data problem (29.36 s), but the presolve process is able to

reduce the problem size so efficiently for the 2-week planning data problem

that it takes almost the same time for the optimizer to solve it. Another

interesting fact is that the gaps between the minimum and maximum

times are very small for the 2-week planning data problem. For example,

the gap between the minimum and maximum of the optimization time

is 0.05 seconds for the 2-week planning data problem, whereas it is 0.38

seconds for the 1-week planning data problem. This gap of the presolve

time is also only 1.22 seconds for the 2-week planning data problem and

7.50 seconds for the 1-week planning data problem.

For the problem with the planning data of 3 weeks, the presolve time

median is 156.53 seconds, the minimum is 152.83 seconds, and the maxi-

mum is 160.56 seconds. The optimization time median is 5.03 seconds, the

minimum is 4.95 seconds, and the maximum is 6.09 seconds. The total run

time median is 161.48 seconds, the minimum is 157.89 seconds, and the

maximum is 165.62 seconds. For the problem with the planning data of 4

weeks, the presolve median time is 265.54 seconds, the minimum is 262.19

seconds, and the maximum is 268.65 seconds. The optimization time me-

dian is 3.69 seconds, the minimum is 3.61 seconds, and the maximum is

3.83 seconds. The total run time median is 269.15 seconds, the minimum

is 265.80 seconds, and the maximum is 272.48 seconds. Finally, for the

5-week planning data problem, the presolve time median is 430.83 seconds,

the minimum is 414.21 seconds, and the maximum is 436.46 seconds. The

optimization time median is 11.05 seconds, the minimum is 10.66 seconds,

and the maximum is 15.34 seconds. The total run time median is 441.88
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seconds, the minimum is 424.87 seconds, and the maximum is 448.98

seconds.

The variation of the optimization time is smaller than the variation of

the presolve time like in the previous section and the optimization time

median is also always closer to the minimum than maximum. However,

the presolve and total run time medians are now more often closer to the

maximum than minimum (3 out of 5 times).
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Figure 5.5. Histograms of the optimization and presolve times of the 15 runs for the
problem with planning data of 3 weeks.

The histograms of the optimization time and the presolve time of the 15

runs of the 3-week planning data problem are presented in Figure 5.5.

The optimization times are very tightly packed with 13 of the total 15

runs being inside 0.40 seconds. It seems that the optimization time within

the 6.0 – 6.2 second interval is an outlier as all the other optimization

times are within 4.8 – 5.4 seconds. When compared to the optimization

time histogram of the previous section that is presented in Figure 5.1, the

optimization times are now even more closer to each other. The standard

deviation is also a little bit smaller, 0.29 seconds versus 0.31 seconds, when

compared to the standard deviation obtained in the previous section. The

optimization times are now very strongly right-tailed with the skewness

value being 2.58 versus 0.78 in the last section.

The presolve times are within a 10 second range between 152 – 162 seconds,

most of the presolve times being within the 154-158 second interval (9

out of the 15 runs). When compared to the presolve time histogram in

the previous section that is presented in Figure 5.1, the presolve times

are now less right-tailed. The skewness value of 0.20 versus 0.50 in the
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previous section also support this observation. Standard deviation is now

2.49 seconds for the presolve time versus 2.78 seconds in the previous

section meaning that the presolve times are also a bit closer to each other.
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Figure 5.6. Plot of the optimization median run time of the model with the different
amounts of planning data.

Plot of the optimization median time of the model with the different

amounts of planning data is presented in Figure 5.6. The optimization

time almost stays the same between the problems with 1-week and 2-week

planning data. For the problem with 3-week planning data, the optimiza-

tion time grows by a factor of 2.5 increasing from 1.98 seconds for the

2-week planning data problem to 5.03 seconds. For the 4-week planning

data problem, the optimization time decreases to 3.69 seconds and for the

5-week planning data problem it increases to 11.05 seconds. It seems that

the problems with even number multiple of the planning data, the opti-

mization is faster. On the other hand, for the problems with odd number

multiple of the planning data, the optimization time grows considerably.

Nevertheless, the optimization time increases a little between the even

number multiples also, from 1.98 seconds to 3.69 seconds, when comparing

the 2-week planning data problem to the 4-week planning data problem.

All in all, the growth of the optimization time seems to be almost linear,

because the optimization time grows from 1.92 seconds for the 1-week plan-

ning data problem to 11.05 seconds for the 5-week planning data problem.

38



Results and Discussion

This means that by growing the size of the problem to be 5 times larger, the

optimization time grows to be 5.76 times larger which is just a bit faster

than a linear growth.
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Figure 5.7. Plot of the presolve and the total median run times of the model with the
different amounts of planning data.

Plot of the presolve and the total median run times of the model with the

different amounts of planning data is presented in Figure 5.7. The presolve

and total run time grow faster than linearly, most likely polynomially.

Furthermore, the total run time consists mainly of the presolve time for

all the different sized problems which was not the case in the previous

section (see Figure 5.3). Let us investigate the growth rates of the week

averages of the optimization and the presolve median times. These median

week averages are calculated by dividing the corresponding median times

in Table 5.5 with the number of planning data weeks. These values are

presented in Table 5.6.

Table 5.6. Optimization and presolve median times per week. The values are calculated by
dividing the corresponding times in Table 5.5 with the number of the planning
weeks.

Weeks 1 2 3 4 5

Optimization time per week (s) 1.92 0.99 1.68 0.92 2.21

Presolve time per week (s) 29.36 38.39 52.18 66.39 86.17
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The plot of the optimization and presolve median times per week are

presented in Figure 5.8. The optimization time per week goes up and down

between the different sized problems. For even number of planning data

weeks, the optimization time is about a second per week being 0.99 seconds

for 2-week planning data problem and 0.92 seconds for the 4-week planning

data problem. For odd number of planning data weeks, the optimization

time is about two seconds being 1.92 seconds for the 1-week planning data

problem, 1.68 seconds for the 3-week planning data problem, and 2.21

seconds for the 5-week planning data problem. Based on this amount

of data, it would seem that the optimization time per week is close to a

constant: about 2 seconds for odd number of planning data weeks and 1

second for even number. The growth of the optimization time per week

is a lot smaller when compared to the corresponding plot of the previous

section presented in Figure 5.4, in which the growth of the optimization

time per week was greater than linear.
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Figure 5.8. Plot of the optimization and presolve median times per week of the model
with the different amounts of planning data.

The presolve time per week grows steadily and does not do any kind of

jumps up and down like the optimization time per week. Furthermore, the

growth rate of the presolve time per week is clearly greater than linear

which implicates that the growth rate of the presolve time presented in

Figure 5.7 is greater than quadratic. The growth of the presolve time per

week is greater when compared to the corresponding plot of the previous

section presented in Figure 5.4. To continue the comparison, now the opti-

mization time increases a lot slower and, on the other hand, the presolve

time grows faster. However, when comparing the total run times plotted in

Figure 5.3 and 5.7 and presented in Table 5.2 and 5.5, the growth of the
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total run time seems to be about the same for both of these cases. This

time the presolve time makes up most of the total run time and of the

growth of it.

5.3 Train Operating Cost

The optimizations in the previous sections were ran without the second

term of the objective function (4.13) by setting the train operating kilometer

cost ctrain to 0. However, the train operating cost is essential for the

practical feasibility of the solution, because it is not free to operate trains

in practice. This means that the used wagon capacity should be maximized

for the trains that are chosen to be operated, and the train operating cost

in the objective function guides the model to do just that. In this section,

the effects of the train operating cost on the run time of the model and on

the amount of used trains are studied.

The input data for this study is the same planning data representing one

raw wood transport planning week that has also been used in the previous

sections. Here, the input data is not copied between the runs but instead,

the input data is kept the same and the value of the train operating cost

parameter ctrain is changed between the runs. The optimizations were ran

for ctrain parameter values of 0, 1, 2, 3, and 3.5. The reasoning behind

these values is that the optimum solution was not solved in 60 minutes

with ctrain of 4 or higher. When the ctrain parameter value was equal or

larger than 4, it seemed that the model found the optimum solution in

reasonable time and that the majority of the time was consumed in trying

to guarantee the optimality of the solution. The optimizations were ran

five times for other ctrain parameter values than the value 2, for which the

optimization were ran 15 times to study the distribution of the run times.

The problem sizes and median, minimum and maximum run times with

the different values of ctrain cost parameter are presented in Table 5.7. All

the problems contain the same amount of arcs and nodes: 199 order arcs,

2037 extra train arcs, 384 existing train arcs, 3936 parking arcs, and 3936

nodes. The reason for this is that the input data for the model is kept the

same between the runs, and only the cost parameter ctrain is changed.
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Table 5.7. Problem sizes and median, minimum and maximum run times with different
values of the ctrain cost parameter with the same 1-week planning data.

Problem Size

ctrain value 0 1 2 3 3.5

Order arcs 199 199 199 199 199

Extra train arcs 2037 2037 2037 2037 2037

Existing train arcs 384 384 384 384 384

Parking arcs 3936 3936 3936 3936 3936

Nodes 3936 3936 3936 3936 3936

Median Run Times

ctrain value 0 1 2 3 3.5

Presolve time (s) 24.89 24.92 24.62 24.88 24.56

Optimization time (s) 1.83 30.33 45.58 188.84 157.98

Total run time (s) 26.70 55.68 70.17 213.72 182.23

Minimum Run Times

ctrain value 0 1 2 3 3.5

Presolve time (s) 24.26 24.00 24.22 24.39 24.25

Optimization time (s) 1.80 29.78 44.97 187.56 157.00

Total run time (s) 26.09 54.33 69.62 211.95 181.61

Maximum Run Times

ctrain value 0 1 2 3 3.5

Presolve time (s) 26.66 26.33 28.27 31.12 24.61

Optimization time (s) 1.95 32.48 48.80 203.91 161.45

Total run time (s) 28.61 57.40 77.07 228.44 186.06

For the ctrain parameter value of 0, the presolve time median is 24.89

seconds, the minimum is 24.26 seconds, and the maximum is 26.66 sec-

onds. The optimization time median is 1.83 seconds, the minimum is 1.80

seconds, and the maximum is 1.95 seconds. The total run time median

is 26.70 seconds, the minimum 26.09 seconds, and the maximum is 28.61

seconds. When comparing these times to the time values of the 1-week

planning data problem, presented in Table 5.5, they are about the same

size. This should be the case because the problems are basically identical.

Presolve times have been larger in the optimizations of 1-week planning

data problem in the previous section (median 29.36 s) than now (median
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24.89 s). The reason for this is unclear. It might be that CPLEX initializes

one random seed at the startup which is used for all the optimizations of

that session, and this random seed affects the presolve time. However, all

the optimizations of each section have been ran within the same session.

For the ctrain parameter value of 1, the presolve time median is 24.92

seconds, the minimum is 24.00 seconds, and the maximum is 26.33 seconds.

The optimization time median is 30.33 seconds, the minimum is 29.78

seconds, and the maximum is 32.48 seconds. The total run time median

is 55.68 seconds, the minimum 54.33 seconds, and the maximum is 57.40

seconds. The optimization time median is over 15 times larger than the

optimization time median of the runs with ctrain parameter value of 0. For

the ctrain parameter value of 2, the presolve time median is 24.62 seconds,

the minimum is 24.22 seconds, and the maximum is 28.27 seconds. The

optimization time median is 45.58 seconds, the minimum is 44.97 seconds,

and the maximum is 48.80 seconds. The total run time median is 70.17

seconds, the minimum 69.92 seconds, and the maximum is 77.07 seconds.

For the ctrain parameter value of 3, the presolve time median is 24.88

seconds, the minimum is 24.39 seconds, and the maximum is 31.12 seconds.

The optimization time median is 188.84 seconds, the minimum is 187.56

seconds, and the maximum is 203.91 seconds. The total run time median is

213.72 seconds, the minimum 211.95 seconds, and the maximum is 228.44

seconds. The optimization time median has grown to be over 4 times larger

than the optimization time median of runs with ctrain parameter value of

2. For the ctrain parameter value of 3.5, the presolve time median is 24.56

seconds, the minimum is 24.25 seconds, and the maximum is 24.61 seconds.

The optimization time median is 157.98 seconds, the minimum is 157.00

seconds, and the maximum is 161.45 seconds. The total run time median is

182.23 seconds, the minimum 181.61 seconds, and the maximum is 186.06

seconds. It is interesting to notice that the optimization time median with

ctrain parameter value of 3.5 is lower than the optimization time median

with ctrain parameter value of 3. This indicates that the effect of the ctrain

parameter is complex and that the optimization time as a function of the

ctrain parameter value is not convex.
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Figure 5.9. Histograms of the optimization and presolve times of the 15 runs for the
problem with ctrain cost parameter value 2.

Histograms of the optimization time and the presolve time of the 15 runs

with the ctrain cost parameter value 2 are presented in Figure 5.9. All

presolve times, except one, are within the 24.0 – 25.0 second interval and

most of the presolve times (10 out of 15) are within the 24.5 – 25.0 second

interval. The one presolve time which is between the 28.0 – 28.5 second

interval, is clearly an outlier because it is so far away from all the other

times. When comparing this presolve time histogram to the presolve time

histograms in Figures 5.1 and 5.5, the presolve histogram has now a much

higher peak than the other two. The reason for this is that now the presolve

times are about six times smaller in scale when compared to the presolve

times in the other two histograms, which makes the variation also smaller.

Yet, the bin width of the current histogram (0.5 s) is only four times smaller

than in the other two histograms (2.0 s), which increases the probability

of histogram bins with high count, like the 24.5 – 25.0 second bin in the

current histogram with count 10. The shape of the current histogram

would most likely look more like the histograms in Figures 5.1 and 5.5, if

the bin width of the current presolve time histogram was also one sixth of

the bin width of the other two presolve time histograms. However, even

though the current presolve time histogram looks quite different when

compared to the other two, they still have some resemblance: the second

bin of all the histograms is the one with the highest count and the first bin

is not empty.

The histogram of the optimization time in Figure 5.9 has most of the

optimization times (10 out of 15 runs) within the 44.8 – 45.3 second interval.

Two optimizations times seems to be outliers which are in the 48.3 – 48.8
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second interval, of which the other is of the same optimization run as the

presolve time outlier. Because of this, there might have been some process

slowing the whole computer during that run. The second optimization

run most likely took longer due to some random factor related to the

optimization process. The shape of this optimization time histogram is

very much the same than the one in Figure 5.5 and has also resemblance

with the optimization time histogram in Figure 5.1.

0

50

100

150

200

0 1 2 3 3.5
Parameter value

O
pt

im
iz

at
io

n 
ti

m
e 

(s
)

Figure 5.10. Plot of the optimization median run time of the model with the different
values of the cost parameter ctrain.

Plot of the optimization median time with the different values of the cost

parameter ctrain is presented in Figure 5.10. The optimization time in-

creases significantly when the ctrain cost parameter is increased. When the

cost parameter ctrain is 0, the optimization time median is 1.83 seconds and

it increases to be more than 15 times larger to 30.33 seconds when the cost

parameter is increased to 1. Moreover, with the cost parameter value of 3,

the optimization time median already increases to be over 100 times larger

to 188.84 seconds when compared to the median optimization time without

the cost parameter. The increase between the optimization time medians

with parameter values of 2 and 3 is more moderate: the median increases

from 30.33 seconds to 45.58 between these runs. Furthermore, maybe

the most interesting observation about this plot is that the optimization

time median actually decreases between the optimizations with parameter
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values of 3 and 3.5. To conclude, the effect of the cost parameter value

on the optimization time is anything but straightforward, because one

could have presumed that the optimization time always increases when

the parameter value is increased.

When comparing the plot of the optimization time in Figure 5.10 to the

optimization time plots in Figures 5.2 and 5.6, the optimization time

increases now much more drastically. This means that the presolve process

can not reduce the complexity of the problem with the same efficiency

when the cost parameter ctrain is introduced to the problem.
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Figure 5.11. Plot of the presolve and the total median run times of the model with the
different values of the cost parameter ctrain.

The presolve time and total run time medians with different values of the

cost parameter ctrain are plotted in Figure 5.11. It can be clearly seen from

this plot that the presolve time median does not depend at all on the value

of the cost parameter ctrain, because the presolve time median stays the

same for all values of the cost parameter. For the cost parameter value

of 0, the total run time consists mostly of the presolve time, but for all

the other cost parameter values, the total run time consists mostly of the

optimization time. This is totally different case than in the optimization

runs of the previous sections (see Figures 5.3 and 5.7), in which the total

run time consists mostly of the presolve time. However, in Section 5.1, in

which the problem size was increased by expanding the problem in time,
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the optimization time grew faster than the presolve time when the problem

size was increased. For this reason, the total run time would eventually

consist mostly of the optimization time for large enough problems in that

case also.

The point of the train operating cost, despite its heavy impact on the run

time of the model, was that it is necessary for producing more cost-efficient

plans made by the model, because it is not cost-efficient to operate trains

that are half-full of wagons. By adding the train operating cost to the

objective function of the model, it guides the model to operate the trains as

full of wagons as possible. In addition, due to the fact that extra trains do

not have timetables, the feasibility of the plan made by the model depends

heavily on the fact that is it possible to request a timetable for all of the

extra trains used in the plan made by the model. Since the train operating

cost guides the model to operate the trains as full of wagons as possible, it

should also lead to the model using as few trains as possible. Furthermore,

it should especially lead the model to use fewer extra trains as the train

operating cost is larger on the extra trains. This is because of the Pextra

penalty parameter that multiplies the distances of the extra train arcs by

2. Let us next study the optimum solution plans with different ctrain cost

parameter values.

Table 5.8. The amounts of used extra trains and existing trains in the optimum solution
plans made by the model with the different ctrain cost parameter values.

ctrain value 0 1 2 3 3.5

Used extra trains 77 68 61 59 58

Used existing trains 292 289 290 288 287

Total used trains 369 357 351 347 345

The amounts of used extra trains and existing trains in the optimum

solution plans made by the model with the different ctrain cost parameter

values are presented in Table 5.8. A bar plot of these values is plotted

in Figure 5.12. Without the cost parameter ctrain the optimum solution

uses 77 extra trains and 292 existing trains that makes 369 used trains

in total. It can be seen from the bar plot, that already the cost parameter

ctrain value of 1 makes quite an impact on the amount of the used trains by

reducing the amount of used extra trains by 9 to 68 and the amount of used

existing trains by 3 to 289. When the cost parameter ctrain is increased
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from the value of 1 to the value of 2, the amount of used extra trains drops

by 7 to 61 while the amount of used existing trains increase by 1 to 290,

but the total amount of used trains drops by 6 to 351 in total. With the

ctrain cost parameter value of 3, the amount of used extra train is 59 and

the amount of the used extra trains is 288, which makes 347 used trains in

total. Finally, with ctrain cost parameter value of 3.5, the amount of used

extra trains is 58 and the amount of the used existing trains is 287, which

makes 345 used trains in total.

292

77

289

68

290

61

288

59

287

58

369
357 351 347 345

0

50

100

150

200

250

300

350

400

0 1 2 3 3.5
Parameter value

A
m

ou
nt

                       Used extra trains

                       Used existing trains

Figure 5.12. Bar plot of the amounts of used extra and existing trains in the optimum
solutions with the different values of the cost parameter ctrain. The total
amounts of used trains are above each bar.

The increase of the cost parameter ctrain from 0 to 3.5 drops the amount

of extra trains by 19 from 77 to 58, and the amount of existing trains by

5 from 292 to 287, which contributes to a drop of 24 used trains in total

from 369 to 345 trains. It seems that the ctrain cost parameter does, indeed,

guide the model to especially use fewer extra trains as the drop in the

amount of used extra trains is almost 4 times larger than the drop in the

amount of the used existing trains. The less the model uses extra trains,

the better the chances that it is possible to request a timetable for each of

the used extra trains, and the plan might not be feasible in practice if it is

not possible to request a timetable for some critical extra train. In addition,

it also requires less extra work from the raw wood transport planners to

request timetables for trains, when the model uses fewer extra trains.
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Let us examine these optimum solutions further and approximate the

impact of the ctrain cost parameter on the actual total cost of the plan made

by the model. Let us approximate the actual costs of the plan by the same

formula as the objective function (4.13), but by calculating it only for the

used train arcs and for the actual distances. Actual distances of the train

arcs mean that the distances of the extra train arcs are divided by the

Pextra penalty parameter before the calculation of the costs. Let us use

the same wagon kilometer costs cspkm = csnpskm = 0.50 e/km as used in the

optimization runs. Moreover, let us presume that it is not profitable to

drive trains that are less than half-full, meaning trains that have less than

16 wagons. For this reason, let us presume the actual train kilometer cost

ctrain to be 8 e/km which equals the wagon kilometer cost of 16 wagons.

It is worth to note that these actual costs that are going to be approximated,

do not represent realistic actual costs as the input planning data does not

represent complete actual planning data of one raw wood transport week.

Moreover, the cost parameters are made up and do not base on realistic

costs. In addition, all the plans made by the model are most likely not

feasible in practice because the model is quite simple and does not take

many of the practical restrictions into account. However, even though the

approximated costs do not represent realistic costs, the effect of the train

operating cost parameter ctrain on the costs can be studied by comparing

the approximated costs of the solutions to each other.

Table 5.9. The amounts of actual train and wagon kilometers and the train operating and
wagon movement costs of the optimum solution plans made by the model with
the different ctrain cost parameter values.

ctrain value 0 1 2 3 3.5

Actual train kilometers (km) 52 008 49 221 47 899 47 424 47 222

Actual wagon kilometers (km) 1 231 996 1 235 716 1 230 936 1 229 196 1 229 204

Costs of operating trains (e) 416 064 393 768 383 192 379 392 377 776

Costs of wagon movements (e) 615 998 617 858 615 468 614 598 614 602

Total costs (e) 1 032 062 1 011 626 998 660 993 990 992 378

The actual train kilometers and the actual wagon kilometers of the opti-

mum solution plans made by the model with the different values of the cost

parameter ctrain are presented in Table 5.9. It can be seen from the table

that the actual train kilometers are highest at 52 008 km with ctrain value

of 0. Furthermore, the actual train kilometers drop with each increase

of the cost parameter and are the lowest at 47 222 km with ctrain value
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of 3.5. It is interesting to notice that the actual wagon kilometers do not

change much when the cost parameter ctrain is changed. The actual wagon

kilometers are highest at 1 235 716 km with cost parameter ctrain value

of 1, and lowest at 1 229 196 km with cost parameter ctrain value of 3.

Based on the actual train kilometers, the costs of operating trains, which

represents the second term in the objective function (4.13), is calculated

by multiplying the actual train kilometers with the train kilometer cost

ctrain (8 e/km). Based on the actual wagon kilometers, the costs of wagon

movements, which represents the first term in the objective function (4.13),

are calculated by multiplying the actual wagon kilometers with the wagon

kilometer cost cspkm or csnpskm (0.50 e/km). These costs and the total costs,

which is the sum of the other two costs, are also presented in Table 5.9.
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Figure 5.13. Bar plot of the approximated costs of the optimum solutions with the different
values of the cost parameter ctrain. The actual costs are divided to the costs
of operating trains and to the costs of the wagon movements. The total
approximated costs are above each bar.

A bar plot of the approximated actual costs of the optimum solution plans

with different values of the cost parameter ctrain is presented in Figure 5.13.

The total actual costs are the largest at 1.032 Me with the cost parameter

ctrain value of 0. The greatest drop in the total actual costs is when the ctrain

value is increased from 0 to 1 and the total actual costs drop by 20 thousand

euros from 1.032 Me to 1.012 Me. Moreover, the total actual costs drop

steadily with each increase of the cost parameter ctrain and are the smallest
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at 0.992 Me with the cost parameter ctrain value of 3.5. This means that

the increase of the cost parameter ctrain from 0 to 3.5 decreases the total

actual costs of the 1-week plan by a quite significant amount of 40 000

e. It is interesting that the costs of the wagon movements are almost the

same for all plans with different values of the cost parameter ctrain. This

is a good thing because one could have assumed that the wagon movement

costs raise when the train operating costs is added to the objective function

of the model, consequently the wagon kilometers are not the only thing

anymore which is minimized. Furthermore, the wagon movement costs

staying almost constant means that the cost savings are almost entirely

gained from the decrease of the train operating costs, which is also the

case when looking at the bar plot. This make sense as the train operating

costs guide the model to fill the trains as full of wagons as possible and to

use as few trains as possible, which should, and actually seems to, result

in decreased train operating costs.
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The objective of this thesis was to understand the raw wood transport

process and the role of the empty wagon circulation planning within that

process. Moreover, the objective was to build an empty wagon circulation

optimization model that possibly could be used in the planning process

in the future. The thesis started with a brief description of the raw wood

transport planning process. Next, a literature review of other transport

optimization models was presented and the multi-commodity flow model

was identified as widely used model for other transport optimizations. The

empty wagon circulation problem was also decided to be formulated as a

multi-commodity flow problem. The formulated problem was implemented

with IBM ILOG CPLEX Optimization Studio and different factors affecting

the run time of the model were studied.

Based on the results of the run time analysis, the length of the planning

period, and the amount of orders and existing trains had quite similar

impact on the total run time of the model. The length of the planning

period had a larger impact on the optimization time than the amount

of orders and existing trains. On the other hand, the amount of orders

and existing trains affected the presolve time more than the length of

the planning period. However, the effect on the total run times were of

the same size for both of these two factors. The third factor which was

analyzed, was the train operating cost. The train operating cost had a

huge impact on the optimization time and already with train operating

cost parameter values bigger than 3.5, the optimum solution could not be

solved in less than an hour. In addition, the effect of the train operating

cost on the quality of the solutions were studied. It was found out that

the train operating cost had a positive effect on the solutions. First, it

reduced the amount of the used trains, especially the amount of used

extra trains, in the solutions. Extra trains are created as extra options
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for the model to use and they do not have timetables. Therefore, less used

extra trains is better, because it is not guaranteed that it is possible to

request a timetable for all of them. Second, it reduced the total actual

costs of the plan by decreasing the train operating costs while keeping the

costs of the wagon movements about the same. To summarize, the train

operating cost had the largest impact on the optimization time, but it is

clearly crucial for obtaining cost-efficient and practically feasible plans.

All in all, the objectives of this thesis were achieved. The empty wagon

circulation problem was successfully formulated and implemented as a

multi-commodity flow problem. Furthermore, the results of the analysis

of the factors affecting the run time of the model were interesting and

provided valuable information that can be used in the future development

of the model.

There exist several prospects for future developments. The practical fea-

sibility of the plans made by the model should be studied and the model

should be developed to account all the restrictions that are not yet con-

sidered, but are necessary for the plans to work in practice. One great

improvement to the feasibility of the model’s plans in practice would be

to invent a new method for creating extra trains for the model. This new

method would only create extra trains, for which it is possible to request

a timetable. The check would be done based on the reserved track capac-

ity. This would guarantee that the extra trains used by the model are

feasible in the sense that it is at least possible to request a timetable for

them. Next, it should be investigated how the optimization model could

be implemented into the raw wood transport planning process and the

model should be developed in such a way that it is possible to be used

conveniently as a part of the planning process. In addition, it should be

researched whether the same optimization model can be used with some

possible modifications in the real-time raw wood empty wagon circulation

control.
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