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1 Introduction

For the complete problem description we refer to the challenge presentation document (CPD); we refer

to the network of Figure 2 in the CPD as the toy network.

A natural approach to the train dispatching problem (see [2, 5]) consists of assigning to each train

a route of the railway network (the overall assignment is called routing) and, for each possible routing:

1.) look at each pair of routes and check for possible conflicts in the use of a rail resource 2.) for each

conflict model the decision "which train goes first?" by introducing a disjunctive precedence constraint

3.) solve the resulting disjunctive problem. When the latter is represented by a mathematical program,

this approach rapidly leads to intractably large disjunctive problems, making it impossible to solve

instances of practical interest1. To cope with this complexity we follow a different path. First, to limit

the number of different routes and routings, these are generated on a simplified network, obtained from

the original one by dropping sidings. Also, extending the approach presented in [4], we decompose

the problem into three subproblems. First a routing problem - in which a set of routes is generated

for each train. Second, for each feasible routing we further decompose the resulting problem into a

Line Traffic Control problem, which establishes the times in which each train enters the rail resources

(track arcs); and a siding assigning problem, to establish which of two meeting trains will take a

siding. Remark that each siding is always paired with a "straight" segment on the main track: we

refer to such a pair as a 2-station. To find optimal solutions, the three subproblems must be solved

jointly. We represent the resulting disjunctive problem as a Mixed Integer Linear Program (MILP). We

resort to a time-continuous formulation - rather than to the most popular time-indexed one ([3, 6]).
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1This actually occurs with basically every method, see [3]
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Indeed, in our experience ([5]) the latter tends to generate instances far too large to be solved in

practice and may even lead to numerical difficulties ([3]). Also, for each train and each feasible route

we associate a unique discrete variable (through a column generation-like mechanism) rather than

associating variables to arcs as in the multi-commodity flow network approach (e.g. in [6]): in our

tests the second representation led again to unassailably large instances. Modeling and solving the

dispatching problem by MILPs has several major advantages: 1. For small instances, it can provide

optimal solutions; 2. For larger instances, it can return good quality feasible solutions along with lower

bounds on the optimal cost which can be exploited to assess the solution quality; 3. It provides the

building block for constructive and improvement heuristics to the problem.

2 The model

In this section we introduce the major modeling choices for the dispatching problem and the resulting

variables and constraints of the corresponding MILP which we denote by DISP (T ), with T being the

set of controlled trains. Minor details are omitted for sake of brevity, but they do not add much to the

understanding of the overall approach.

We represent the simplified network (without sidings) by an undirected graph G = (V,E), and we

let S be the set of 2-stations. With train i ∈ T and node v ∈ V we associate a variable tiv ∈ IR+

which, if i runs through v, represents the time in when i reaches v. The vector t is called schedule.

Each train i ∈ T runs through a directed path r = (vi1, a
i
1, v

i
1, . . . , a

i
m, v

i
m+1) in G called (train)

route, where vi1, vi2, . . . , vim ∈ V and the directed arc aik represents the track segment from vik−1 to

vik, for k = 1, . . . ,m (with a slight abuse of notation we write vik ∈ r, k = 1, . . . ,m + 1 and aik ∈ r,

k = 1, . . . ,m). With arc (u, v) ∈ r we also associate a weight Wuv which represents the minimum

time necessary to train i to run the segment from u to v (in the examples expressed in seconds). The

set of all routes feasible for train i is denoted by R(i). Each r ∈ R(i) goes from the origin of i to its

terminal, and contains all nodes of G with required schedule adherence for train i. With each train

i ∈ T and each route r ∈ R(i) we associate the binary variable yir which is 1 if and only if routed r is

assigned to i. Since each train must be assigned exactly one route, we have the following

∑
r∈R(i)

yir = 1 i ∈ T (1)

The binary vector y is called routing vector and we denote by ri(y) ∈ R(i) the route assigned to

i ∈ T by y. Also, the following (variable) precedence constraints hold2

2For yir = 1 this is a standard precedence constraint and clearly valid. One can show that the constraint is valid also

for yir = 0.
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tv − tu ≥Wuvy
i
r i ∈ T, r ∈ R(i), (u, v) ∈ r (2)

We associate with each routing vector y the Routing Graph R(y) = (U,A) which the union of all

routes ri(y), i ∈ T , plus an additional node O (the Origin) and a directed arc from O to the first node

vi1 of each route. The weight W0vi
1
of these arcs equals the expected waiting time for the train i to

start its route, and is zero if train i is already in line; accordingly, we add to DISP (T ) a constraint

of type (2). Consider now two distinct trains i and j, and let r ∈ R(i) and q ∈ R(j) be the assigned

routes, respectively. If r and q share some common nodes, we have to prevent that i and j occupy

simultaneously incompatible rail resources (i.e. a conflict occurs). There are two ways to obtain this:

the first is to let the trains meet in a 2-station, the second is to let one of the trains wait that the

other one has left the common region. We discuss first the case of trains running in opposite directions

(crossing trains) and then we extend the discussion to the other case (followers).

Crossing trains. Consider the toy network and trains C and E with their routes r(C), which starts

in node 15 and ends in node 30, never abandoning Main 2, and r(E), which starts in node 14 (Main 1),

leaves Main 1 in node 13 and then proceeds on Main 2 from node 28 to node 15 (the exit node). The

region on Main 2 between node 15 and node 28 is common to both routes. There are three options to

prevent conflicts between trains E and C. 1. Train C enters the railway from node 15 (at least) five

minutes after train E has left the network from node 15. 2) Train E reaches node 28 (at least) five

minutes after train C has reached node 29, or 3) C and E meet at the 2-station.

Meeting Points. Case 1 and Case 2 are similar and we discuss them first. Namely, Case 1 corre-

sponds to conventionally choosing node 15 to prevent the potential conflict (and we say that C and E

meet in 15) and adding to the model the precedence constraint tC15 ≥ tE15 + 300 (equivalent to adding

a weighted arc to the routing graph R); analogously, Case 2 corresponds to (conventionally) choosing

node 28 and adding the constraint tE28 ≥ tC29 + 300. Note that node 15 and node 28 are the extreme

nodes of the (undirected) path which is common to r(C) and r(E).

We generalize this example to any pair of distinct trains i, j traveling in opposite directions on

routes r and q, respectively. Let r′ be one (undirected) common sub-path of r and q.3 The two

extreme points of r′ are called meeting points. Let Meet(r, q) ⊆ V be the possible meeting points for

routes r and q. With every p ∈Meet(r, q) we associate a directed arc a(p, r, q) in the routing graph R

which represents the precedence relation stipulated by choosing p; if a(p, r, q) = (u, v) (u, v ∈ U), then

the associated precedence constraint writes tv − tu ≥ 300.
3The two routes may share multiple disjoint sub-paths.
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 15    27    28    29   30 

Train C 

 14   13 28  27    26    16  15 
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Train E 
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Figure 1: The (extended) routing graph when Train C and Train E meet in point 28

Train i 

Train j 

p1 p2 

Figure 2: The meeting points p1, p2 for two crossing trains

Denote by P (i, j) the set of all possible meeting points for a pair of trains i and j. For each

{i, j} ⊆ T and each point p ∈ P (i, j) we introduce the binary variable xijp which is 1 if and only if

trains i, j meets at point p. Next constraint ensured that a meeting point p can be assigned to train i

only if p belongs to the route assigned to i:

xijp ≤
∑
r:p∈r

yir {i, j} ∈ T, p ∈ P (i, j) (3)

We omit the similar constraint for train j. Finally, we have to enforce the above described prece-

dence constraint when trains i and j meet in a meeting point. We do it by introducing a suitable large

constant M and the following constraint:

tv − tu ≥ 300 +M(xijp + yir + yjq − 3) {i, j} ⊆ T, r ∈ R(i), q ∈ R(j), p ∈Meet(r, q), (u, v) = a(p, r, q)

(4)

Indeed, when the meeting point p is chosen4 and routes r and q are assigned to i and j, respectively,
4Remark that the same meeting point may belong to a different pair of routes
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then the associated precedence constraint tv − tu ≥ 300 must be satisfied by the schedule t. Otherwise

the constraint becomes redundant (i.e. satisfied by any schedule).

2-Stations. If the shared track region contains a siding, then the trains can also meet at the

corresponding 2-station. Consider again the example of trains C and E with the routes already depicted.

In the next figure the station is represented by two nodes: the entering node In, and the exit node

Ex. Now, C and E meet at the 2-station if and only if C enters the station before E leaves it and

viceversa.

 15    20   In Ex 25  29    30   

Train C 

 14    25   In Ex 20  16  15 

 o 

Train E 

Figure 3: Train C and Train E meet at the 2-station

This necessary and sufficient condition immediately translates into the following pair of precedence

constraints: tEEx − tCIn ≥ 300 and tCEx − tEIn ≥ 300 represented by (a set of) two arcs is added to the

routing graph. This set of arcs depends on the chosen 2-station s as well on the two routes r, q assigned

to the trains involved, and we denote it as A(s, r, q). To model this meeting choice in the general case,

we introduce a binary variable zijs for each pair of distinct trains i and j and each possible 2-station

s ∈ S which is 1 if and only if trains i, j meet at 2-station s. Similarly to (3) and (??) we need

constraints to ensure that two trains can only meet at a 2-station which belongs to both the assigned

routes. Namely, for each {i, j} ∈ T and s ∈ S we have zijs ≤
∑

r:s∈r y
i
r and zijs ≤

∑
r:s∈r y

j
r . Next, the

following family of constraints replace (4) when i and j meet at a 2-station s.

tv − tu ≥ 300 +M(zijs + yir + yjq − 3) {i, j} ⊆ T, r ∈ R(i), q ∈ R(j), s ∈ S, (u, v) ∈ A(s, r, q) (5)

Remark that, for a given station s and trains i and j, we have one constraint for each arc in

A(s, r, q). Finally, any pair of trains shall meet in station or in a meeting point:

∑
p∈P

xijp +
∑
s∈S

zijs = 1 {i, j} ∈ T (6)
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Also, at most two trains can meet simultaneously in a 2-station: since, by the Helly property

for intervals in IR, three trains meet simultaneously if and only if they meet pairwise, the following

constraints must be satisfied (a generalization to larger stations can be found in [4]):

zijs + ziks + zkjs ≤ 2 {i, j, k} ∈ T, s ∈ S (7)

The vector [x, z] is the meeting vector and the corresponding assignment of meeting points and

meeting stations to pair of trains is a meeting.

Followers. We can proceed similarly with the case of followers (trains running in the same direction).

The major difference is that when followers are running through a common region, the following train

can occupy a common arc only (at least) 5 minutes after the leading train has left it. Also, the role of

the leading and of the following train are interchanged when the trains meet. As in the previous case,

the schedule t must respect a set of precedence constraints which depends upon the initial relative

positions of the two trains and the meeting point or station. So, let i and j be a pair of followers and

let r and q be the corresponding routes (remark that we can have r 6= q); let us denote by A(s, r, q)

the set of precedence arcs implied when i and j meet in the 2-station s ∈ S and by A(p, r, q) the

set of precedence arcs implied when the trains meet in the meeting point p. Then we again associate

variables z and x as for crossing trains, and the constraints from (3) to (5) with (u, v) ∈ A(p, r, q)

replacing (u, v) ∈ a(p, r, q) in (4).

Major additional constraints. We sketch here how to model additional issues. First, if a train

takes a siding, it will need more time to traverse the corresponding 2-station. For each train i ∈ T and

each 2-station s ∈ S we introduce a variable gis which is 1 if and only if i takes the siding at s And

the associated precedence constraint tiv − tiu ≥ ε+M(gis − 1) where u and v are the entrance and exit

node from the 2-station and ε,M suitable constants. A train can take a siding only if it meets another

train at s (and in this case one of the two trains must take the siding). So we add the following:

gis + gjs ≥ zijs and gis + gjs + zijs ≤ 2 {i, j} ∈ T, s ∈ S (8)

We can simply fix gis = 0 if train i can never take the siding in s. A train cannot take a siding

unless it meets another train in the 2-station can be expressed as gis ≤
∑

j∈T z
ij
s for i ∈ T and s ∈ S.

Finally, if ī and j̄ meets in s̄ then j̄ must take the siding (e.g. NSA trains against heavy trains), we

have: gj̄s̄ ≥ z
īj̄
s̄ .
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We also need additional variables to model MOWs. Denote by MW the set of MOWS and by

RM(k) the set of routes affected by MOW k ∈MW . For each train i and each MOW k we introduce

the binary variable αi
k (βi

k) which is 1 if and only if train i travels on a route affected by MOW k and

i runs after (before) the MOW.

αi
k + βi

k =
∑

r∈RM(k)∩R(i)

yir i ∈ T, k ∈MW (9)

Then, denoting by [Ik, Ek] the time window of MOW k ∈ MW , and by uk and vk the input and

output nodes of the MOW region, we have the following variable precedence constraints:

tiuk
≥ Ekα

i
k and tivk ≤ Ik + (1− βi

k)M i ∈ T, k ∈MW (10)

Delays associated with double-crossovers are modeled similarly.

Objective Function. The cost-function is non-convex due to trains running outside the time hori-

zon. This could be easily modeled by introducing suitable binary variables, but we preferred to handle

it in a postprocessing phase. The objective function becomes so a sum of linear terms.

Arc delays. Assume that train i ∈ T is assigned route r. Let W i(r) =
∑

(u,v)∈rW
i
uv be the

minimum running time of i on route r. Let τ iuv = tiv − tiu −W i
uv be the delay of i on (u, v) ∈ r. The

delay cost of i is defined as ci ·
∑

(u,v)∈r τ
i
uv, with ci given. Let us denote by τ i =

∑
(u,v)∈r τ

i
uv =∑

(u,v)∈r[tiv− tiu−W i
uv] = tidi− tioi−W

i(r) the total delay of train i, where oi and di are the origin and

the destination (terminal) nodes of train i. Then the delay cost of train i is simply ciτ i. In general,

denoting by W i
s the additional time spent in station s by train i if it takes the siding, then τ i must

satisfy the following constraints:

τ i ≥ tidi − tioi −
∑

r∈R(i)

W i(r)yir −
∑
s∈S

W i
sg

i
s i ∈ T (11)

and we add to the objective function the term
∑

i∈T c
iτ i.

Schedule Adherence. For i ∈ T , let V i
A ⊆ V be the set (possibly empty) of nodes with required

adherence and let Ei
v be the required schedule for i ∈ T and v ∈ V i

A. Let δiv ∈ IR+ be the schedule

deviance for i ∈ T in v ∈ V i
A. Then δ

i
v satisfies:

δiv ≥ tiv − Ei
v − 120 i ∈ T, v ∈ V i

A (12)
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We then include the term
∑

i∈T
∑

v∈V i
A

200δiv into the objective function.

Terminal Want Time. For each i ∈ T let di ∈ V be its destination (terminal) node, and let [Ki, Ei]

be the wanted 4-hour time-window; let µi be the deviance of train i. Then we have

µi ≥ tidi − Ei and µi ≥ Ki − tidi i ∈ T (13)

Finally we add the term
∑

i∈T 75µi to the objective function.

Unpreferred Track. For each i ∈ T we denote by Āi the set of unpreferred arcs (remark that tracks

are simply the concatenation of arcs). Denote by γiuv the time spent by i on arc (u, v) ∈ Āi. We have:

γiuv ≥ tiv − tiu −M(1− yir) i ∈ T, r ∈ R(i), (u, v) ∈ r ∩ Āi (14)

and we add the term
∑

i∈T
∑

(u,v)∈Āi 50γiuv.

3 Solution Algorithms

The program DISP (T ) outlined in the previous section can only be solved to optimality for quite

small instances and we resorted to heuristics. We have tested two different approaches. In the first we

limit the number of routes by pre-selecting a "most promising one" for each train; in the second we

let the model determine also the routes but only for subsets of trains.

The first approach, denoted by theMP (Most Promising) heuristic, amounts to choosing one route

mi ∈ R(i) for each i ∈ T and then fixing yimi = 1 in DISP (T ) before invoking the solver. For each

i ∈ T , we choose the route mi optimal for DISP ({i}), i.e. neglecting all other trains. We remark here

that we are currently developing a pricing scheme which will allow to iteratively enrich the set of most

promising routes for each train.

Our second heuristic principle is simple but effective. We solve a sequence P 0, P 1, . . . of MILPs

corresponding to growing sets of trains T 0 ⊂ T 1 · · · ⊂ T . The q-th MILP P q is obtained from

DISP (T q) by fixing variables according to the solution of P q−1. Namely, we fix the routing and the

meeting of the trains in T q−1 as in the optimal solution to P q−1, whereas all other quantities (e.g. the

schedule) are free to change. Thus, when we solve to optimality the modified DISP (T q) we extend

the previous routing and meeting to a routing and a meeting for the trains in T q.

To build the sets T 1, T 2 . . . we order the set T of trains according to their arrival time on the line.

Ties are broken by train priorities and then randomly. Next, we construct T q from T q−1 by adding

(at most) the next kq-trains in the ordering, where kq is a design parameter. We stop when the last

train is added. Observe that letting k1 = |T | corresponds to solving the overall problem DISP (T ).
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On the other hand, when kq = 1 for all q, i.e. we add one train at a time, out heuristic corresponds to

the greedy algorithm. For intermediate values, observe that solving P 1 to optimality amounts to find

the best possible solution for the next k1 trains. Now, since the actual status of the trains and of the

network evolves over time, and a new solution is re-computed every few tens of seconds, this may be

considered a good strategy to cope with uncertain information.

Scalability. The approach above described is highly scalable and can be applied to solve the dis-

patching problem in larger territories. First, since the routing problem does not involve stations and

sidings, and is performed on a reduced network, the number of different routes to be considered for

each train does not grow too large. Typically one can limit the search to very few routes; actually, in

normal operations trains have pre-assigned tracks which can hardly be changed without human inter-

vention or supervision. Second, the decomposition into a Line Traffic Control Problem and a Siding

(Station) Control Problem, also allows for better scaling. Indeed, simplified models can be used to

represent and handle the siding assignment problem (which in the case of larger stations may amount

to solving a Train Platforming Problem, see [1]). However in many case, by reasonable assumptions,

this problem can be reduced to polynomially solvable problems ([4]). Third, the heuristic approach

presented in Section 3 can be easily tuned to tackle large instances, by suitably choosing the controlling

parameters. A final observation regards the use of mathematical programming, which is indeed a very

flexible approach, as it allows for simple and immediate extensions to different contexts.

4 Computational Results

Computational experiments were carried out on an Intel Xeon 12 core 3.07GHz workstation with

24Gb of RAM. The algorithms are implemented in C/C++ and linked with the IBM ILOG CPLEX

Optimizer 12.3 library for solving mixed integer linear programming problems.

The test bed consists of the three instances detailed in the CPD. On our simplified network, a train

moving from a terminal to the other can run at most 8 different routes.

We tested the MP and constructive heuristics described in section 3. The latter was executed with

the following three different settings: H1-1) the greedy heuristic where k = 1 at each iteration; H2-2)

k = 2 at each iteration; H6-2) k1 = 6 and kq = 2 for q > 1 where q is the iteration number.

Table 1 reports on the results for the three CPD instances. Columns "MP 5 min." and "MP 15

min." are the results obtained by the MP procedure with a time limit of 5 and 15 minutes, respectively.

Columns "greedy", "H2-2" and "H6-2" show the results obtained by the constructive heuristics. In

this case we set a limit of 1 hour of computation time. For each setting, column "objval" is the solution

cost whereas column "time" is the running time in seconds.
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Name MP 5 min MP 15 min Greedy H2-2 H6-2

objval time objval time objval time objval time objval time

DS1 842,2 31,0 842,18 900 919,7 23,0 919,7 45,4 919,70 217,71

DS2 8522,1 181,0 4249,8 901,0 2883,6 71,8 2787,4 323,8 2787.40 1290.21

DS3 9516,9 181,9 7845,7 901,1 8826,9 68,6 8827,7 393,0 - -

Table 1: Computational results on the three CPD instances.

For DS1 and DS3 the best results are obtained by the MP procedure - however the time-limit

was set to 15 minutes for DS3. In general, the table shows that a good compromise between solution

quality and computation time is given by the Greedy and the H2-2 heuristic.

Current Developments The algorithmic schemes presented in Section 3 are currently being en-

hanced with several fresh and promising ideas. In particular, 1. we are equipping the MP heuristic

with a pricing scheme enabling to enrich the set of promising routes; 2. we are developing improvement

heuristics (i.e. local search) which exploit DISP (T ) as a building block; 3. we are studying classes of

valid inequalities in the attempt to improve the quality of the bounds generated by DISP (T ). In view

of the very promising (preliminary) results obtained by the basic procedures already implemented we

believe that all these extensions may provide substantial improvements. In any case, they all rely on

the decomposition principle and on the MILP introduced in this paper.
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5 Appendix.

We provide in this section three tables reporting statistics on the solutions found to the three instances.

Also, we report the Time-Space Diagrams for the same solutions.
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Delay 

Time
Arrive at

Arrive 

Time

Required 

SA
SA Diff.
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( > 2 hour)

Required 

TWT

TWT 

Diff.

TWT  Penalty 

(outside 4 hr 

window)

Unpreferred 

truck time

Penalty for 

unpreferred 

truck

TRAIN A1 0,00 0,00 0,00

node 37 39,98 60,00 20,03 0,00

node 39 82,43 130,00 47,58 0,00 90,00 7,58 0,00

TRAIN A2 29,52 0,00 0,00

node 37 131,60 130,00 -1,60 0,00

node 39 176,22 200,00 23,78 0,00 150,00 -26,22 0,00

TRAIN B2 3,43 0,00 0,00

node 37 230,46 260,00 29,54 0,00

node 39 280,19 330,00 49,81 0,00 280,00 -0,19 0,00

TRAIN C1 0,00 0,00 0,00

node 37 293,30 320,00 26,70 0,00

node 39 349,50 410,00 60,50 0,00 360,00 10,50 0,00

TRAIN C2 0,00 0,00 0,00

node 37 417,11 450,00 32,89 0,00

node 39 477,24 550,00 72,76 0,00 480,00 2,76 0,00

TRAIN E1 29,59 0,00 0,00

node 37 594,04 600,00 5,96 0,00

node 39 677,74 740,00 62,26 0,00 650,00 -27,74 0,00

TRAIN B3 1,61 0,00 0,00

node 37 647,04 670,00 22,96 0,00

node 39 695,11 750,00 54,89 0,00 650,00 -45,11 0,00

TRAIN B1 0,36 13,83 11,53

node 37 174,77 210,00 35,23 0,00

node 0 231,42 290,00 58,58 0,00 230,00 -1,42 0,00

TRAIN D2 31,98 18,73 15,60

node 37 347,17 360,00 12,83 0,00

node 0 424,44 470,00 45,56 0,00 390,00 -34,44 0,00

TRAIN D1 0,00 0,00 0,00

node 37 438,91 490,00 51,09 0,00

node 0 515,06 610,00 94,94 0,00 520,00 4,94 0,00

TRAIN D3 34,81 0,00 0,00

node 37 579,22 590,00 10,78 0,00

node 0 656,83 690,00 33,17 0,00 620,00 -36,83 0,00

TRAIN F1 40,11 0,00 0,00

node 37 887,83 960,00

outside 

planning 

orizon 0,00

node 0 1070,57 1250,00

outside 

planning 

orizon 0,00 1050,00

outside 

planning 

orizon 0,00

All numbers are in minutes

Figure 4: Statistics: DATA SET 1
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node 39 176,22 200,00 23,78 0,00 150,00 -26,22 0,00

TRAIN B2 3,43 0,00 0,00

node 37 230,46 260,00 29,54 0,00

node 39 280,19 330,00 49,81 0,00 280,00 -0,19 0,00

TRAIN C1 0,00 0,00 0,00

node 37 293,30 320,00 26,70 0,00

node 39 349,50 410,00 60,50 0,00 360,00 10,50 0,00

TRAIN C2 0,00 0,00 0,00

node 37 417,11 450,00 32,89 0,00

node 39 477,24 550,00 72,76 0,00 480,00 2,76 0,00

TRAIN E1 29,59 0,00 0,00

node 37 594,04 600,00 5,96 0,00

node 39 677,74 740,00 62,26 0,00 650,00 -27,74 0,00

TRAIN B3 1,61 0,00 0,00

node 37 647,04 670,00 22,96 0,00

node 39 695,11 750,00 54,89 0,00 650,00 -45,11 0,00

TRAIN B1 0,36 13,83 11,53

node 37 174,77 210,00 35,23 0,00

node 0 231,42 290,00 58,58 0,00 230,00 -1,42 0,00

TRAIN D2 31,98 18,73 15,60

node 37 347,17 360,00 12,83 0,00

node 0 424,44 470,00 45,56 0,00 390,00 -34,44 0,00

TRAIN D1 0,00 0,00 0,00

node 37 438,91 490,00 51,09 0,00

node 0 515,06 610,00 94,94 0,00 520,00 4,94 0,00

TRAIN D3 34,81 0,00 0,00

node 37 579,22 590,00 10,78 0,00

node 0 656,83 690,00 33,17 0,00 620,00 -36,83 0,00

TRAIN F1 40,11 0,00 0,00

node 37 887,83 960,00

outside 

planning 

orizon 0,00

node 0 1070,57 1250,00

outside 

planning 

orizon 0,00 1050,00

outside 

planning 

orizon 0,00

All numbers are in minutes

Figure 5: Statistics: DATA SET 2
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Figure 6: Time-Space Diagram: DATA SET 1, value 842,2
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Figure 7: Time-Space Diagram: DATA SET 2, value 2787,4
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Figure 8: Time-Space Diagram: DATA SET 3, value 7845,7
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