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Abstract. Algorithms for real-time conflict resolution have the poten-
tial to significantly increase efficiency of railway operations by reducing
delays and improving infrastructure utilization, but implementing them
in practice has proven to be challenging. Many effective algorithms rely
on MILP solvers combined with row-and-column generation techniques.
While these methods can yield optimal solutions, they may fail to con-
verge within the time limits imposed by real-time operations. Heuristic
methods, on the other hand, can produce solutions quickly, but they
typically lack guarantees regarding the quality of those solutions. Tree
search algorithms have emerged as a highly competitive alternative, of-
fering both optimality guarantees and heuristic behavior. However, the
impact of different tree search strategies is not yet well-understood, in-
cluding the trade-off between computation time and solution quality.
In this work, we present a new search strategy called Conflict-Weighted
Discrepancy Search, which extends the well-known Limited Discrepancy
Search by considering both total delays and remaining conflicts. We have
implemented this strategy within a state-of-the-art tree search algorithm,
and tested its performance against other search strategies using a com-
prehensive suite of real-world benchmark problems. The proposed strat-
egy yields significant performance improvements, filling a critical gap in
the development of more effective automated conflict resolution systems.
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1 Introduction

In daily operations, train dispatchers need to constantly monitor the locations of
the running trains and update their schedules in response to disturbances. They
adjust the time trains enter or exit block sections of the railway infrastructure by
setting signals or directly by communicating with the train driver. Other than
safety, their objective is also to maximize customer satisfaction, which typically
consists in minimizing delays with respect to the original timetable. This task
is called train rescheduling. It ultimately involves detecting conflicts between
trains (e.g., there can be only one train per block section) and finding a way to
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resolve them (e.g., train A needs to wait until train B clears the contended block
section). This task is carried out manually in most of the world, and we know
only of a few exceptions: two large freight railroads in the US (Union Pacific
and Norfolk Southern [3]), and a less documented implementation in sections of
railway lines in Switzerland [4]. This is despite the increasing amount of research
demonstrating that an effective algorithm for automatic conflict detection and
resolution could provide enormous savings (see, for example, [3]).

The lack of industrial implementations of train rescheduling algorithms can
be mainly attributed to: (1) a slow digitalization process in the railway indus-
try, and (2) the algorithmic and computational challenge of train rescheduling.
This paper is concerned with the latter. The most effective train rescheduling
algorithms described in the available scientific literature are exact methods that
aim at finding optimal solutions (see surveys [5, 8, 11]), but these are typically
too slow for an industrial environment. To provide support for train dispatchers
in real-time, good solutions must come quickly, within seconds. Heuristic algo-
rithms can be advantageous in this regard, but most of them lack optimality
guarantees (i.e, there is no estimate about how far away it is from the optimal
solution). This is important for industrial environments, because poor solutions
should neither be automatically implemented nor suggested to train dispatchers.

More recently, tree search algorithms have emerged as a very promising al-
ternative, combining the advantages of an effective heuristic behavior with the
possibility of providing guarantees on the quality of a solution [7, 14]. By devel-
oping a novel node selection strategy, this work focuses on tuning the heuristic
behavior of a custom state-of-the-art tree search algorithm by guiding the search
through the most promising nodes. To do so, we extend the well-known Limited
Discrepancy Search (LDS) strategy [10], which simply penalizes solutions that
are different from the greedy one, to a more comprehensive framework called
Generalized Discrepancy Search (GDS). Within this framework, we develop a
novel node selection strategy that specifically targets train scheduling problems.
This consists of considering at every node the product between the lower bound
(i.e., the best possible solution of the node and its children) and the number of
current train conflicts. We pair this strategy with a state-of-the-art tree search
algorithm that we recently developed, and we show how the strategy makes a
significance difference in quickly discovering good solutions. We test this combi-
nation on four railway lines in Norway, using real infrastructure data and real
timetable data, and show that it easily outperforms the original branch-and-
bound implementation.

2 Background

Train rescheduling can be formalized into a mathematical optimization problem
using a Disjunctive Graph (DG) [15], where a node represents the event of a train
entering a resource, and arcs represent precedence constraints. The precedences
are grouped into disjunctions, which are sets of alternative choices. Now, we
define a selection S as containing one constraint from each disjunction. The



A Novel Tree Search Strategy for Real-Time Conflict Resolution in Railways 3

directed graph (V, S) represents a feasible solution to the train rescheduling
problem if there is a longest path from a reference node to each vertex of V .

MILPs are commonly used to solve disjunctive graph problems (see [11]),
often combined with row and column generation techniques [12, 13], but custom
tree search algorithms have been used as well with promising results [7].

The branch-and-bound algorithm works by incrementally constructing a tree,
where a node n represents a partial selection Sn, i.e., a set of arcs containing
alternatives from some, but not all, of the disjunctions. The root node of the
tree represents the empty selection. At each step of the algorithm, an unexplored
node n ∈ N is selected. The schedule and the objective value associated with G
can be computed from the longest paths in G, and this value is a lower bound
lb(u) on the objective value of all solutions S ⊇ Sn found in child nodes of
n. The node’s conflicts C(n) are identified as the set of disjunctions for which
none of the constraints are satisfied by the node’s schedule. If C(n) is empty,
the selection Sn is complete (or can easily be made complete without increasing
the sum of delays), and the node is a leaf node of the search tree. Otherwise, a
conflict c ∈ C(n) is chosen (in our case, using the full strong branching method
[6]), and child nodes are generated having selection Sn ∪ {d}, one node for each
constraint d in the disjunction associated with c. Solving the train rescheduling
problem amounts to finding a leaf node of this tree that (1) has a valid schedule,
and (2) minimizes the total number of delay.

3 Node Selection Strategies

The strategy with which unexplored nodes are selected directly influences the
behavior of the tree search algorithm. For example, it is well known that al-
ways choosing the node with the best lower bound, also called Best-First Search
(BeFS), leads to the smallest possible tree when the objective is to prove opti-
mality [16]. However, with this strategy, no feasible solution is found until the
optimal one has been found. Another common node selection strategy is called
Depth-First Search (DFS). In this case, the next node to be expanded is always
one with maximal depth. This strategy has very poor performance when trying
to prove optimality, but may find a feasible solution very quickly. One method
which attempts to strike a balance between these two extremes is Hybrid Best-
First Search (HBeFS) [1]. This strategy repeats the following: first it uses BeFS
to select the minimal lower bound node and then applies DFS to perform a
“dive” from that node. Because the lower bound increases with the depth of
tree, this strategy tends to just execute a sequence of independent dives from
the top of tree, relying heavily on the efficiency of the greedy diving heuristic.
However, in complex scheduling problems, a good feasible solution is rarely a
greedy solution, although it could lie close to it. For example, in train schedul-
ing, a greedy heuristic may not immediately produce a feasible solution, but just
switching the precedence between two trains could yield the optimal one.

A tree strategy that allows greedy solutions to be “repaired” is called Lim-
ited Discrepancy Search [9, 10]. This strategy prioritizes opening nodes with the
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fewest deviations from the greedy solution. The number of deviations from the
greedy solution is called the discrepancy of a node n, and we denote it by δlds(n).
The discrepancy of the root node is by definition 0, and the discrepancy of other
nodes can be computed as

δlds(n) =

{
δlds(P (n)) if h(n) = mins∈Q(P (n)) h(s)

δlds(P (n)) + 1 otherwise,
(1)

where P (n) denotes the parent node of n, Q(n) denotes the children of n, and
h(n) is the function that describes the greedy heuristic. Since one of the children
maintains the discrepancy of the parent, it will be selected next, exhibiting a
“depth first”-like behavior. But when no children are generated, the next node
will be the one whose decisions are as similar as possible to those of the greedy
one, i.e., the node with minimal discrepancy that is yet to be explored. It is easy
to see that, in our case, the discrepancy would measure the number of disjunctive
arcs that differ from the ones selected in the greedy solutions.

While LDS performs well in practice, it considers a very rough approximation
of the cost of making non-greedy choices by weighing them all equally (i.e., with
the “+1”). In practice, however, some deviations may be more costly than others.
This observation serves as motivation for generalizing the discrepancy search by
defining the Generalized Discrepancy Search (GDS) as follows:

δgls(n) =

{
δgls(P (n)) if h(n) = mins∈Q(P (n)) h(s)

δgls(P (n)) + f(n) otherwise.
(2)

Clearly, LDS is a special case of GDS with f(n) = 1. As it turns out, HBeFS is
also a special case of GDS where f(n) = lb(n) − δgls(P (n)) and h(n) = lb(n).
In the case of train scheduling problems, it is natural to distinguish solutions
based on their cost and number of remaining conflicts. In particular, we consider
f(n) = h(n) = lb(n)·|C(n)|, where |C(n)| denotes the number of conflicts at node
n. This allows the node selection strategy to pick nodes with fewer conflicts, while
also preferring nodes with lower cost. We call this novel node selection strategy
Conflict-Weighted Discrepancy Search (CWDS). It is interesting to observe that
the number of conflicts normally will dictate which nodes are selected near the
bottom of the tree. For instance, a node with 2 conflicts needs to have less than
half the lower bound than a node with only 1, in order to be chosen. The lower
bound is more important near the root node, where there can be many conflicts.

In this work, we consider the following node selection strategies:

– Best-First Search (BeFS): Select a node with minimal lower bound.
– Depth-First Search (DFS): Select a node with maximal depth.
– Hybrid Best-First Search (HBeFS): Repeatedly dive from a node with

minimal lower bound.
– Limited Discrepancy Search (LDS): Equivalent to GDS with f(n) = 1

and h(n) = lb(n).
– Conflict-Weighted Discrepancy Search (CWDS): Equivalent to GDS

with f(n) = h(n) = lb(n) · |C(n)|.
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4 Computational Experiments

We evaluate the cost of search strategies using a modified version of the Primal
Integral [2]. Let b denote a baseline solution which maintains all precedences in
the original timetable; this can be obtained quickly through a modified version
of the tree search, which only generates relevant conflict resolution arcs. Let Fn

denote all feasible solutions found within n steps of the algorithm. Letting C(x)
denote the cost of solution x, we define the cost at the n’th step by

Cn = min
x∈Fn∪{b}

C(x). (3)

We use the Modified Primal Integral (MPI) given by

MPI =
1

R

Nmax∑
n=1

[Cn − C(x∗)] , (4)

where x∗ is an optimal solution and R = (C(b)−C(x∗))·Nmax is a normalization
factor. The measure captures the difference between the current best found so-
lution and the optimal solution, aggregated over the whole run of the algorithm
(see Figure 1). A method with low MPI will tend to find good solutions quickly.

We ran Branch and Bound (B&B) using strong branching for all search strate-
gies. The algorithm was set to run until it found the optimal solution or it had
selected and expanded 10 000 nodes. The node selection strategies were tested on
four train lines in Norway, namely Jærbanen, Gjøvikbanen, Kongsvingerbanen,
and Dovrebanen. We generated 1000, 500, 500, and 100 instances of primary
delays for the respective train lines. The problem instances were selected so that
it takes between 500 and 10 000 nodes for BeFS to find the optimal solution.

The average MPI for all search modes and all lines are given in Table 1. In
all cases, Conflict-Weighted Discrepancy Search (CWDS) has the lowest MPI
for all train lines. These results indicate that CWDS is a method that can work
for a range of different maximum node counts, as well as different train lines.

Figure 2 shows the the cost Cn (see eq. (3)) averaged over all instances as
a function of nodes visited n. CWDS gives the lowest cost for a large range of
different values of n. BeFS performs the best for the higher node counts. It is hard
to extrapolate anything from this, however: the delay instances were specifically

Nodes

Cost

Baseline

Optimal solution

Upper bound

R ·MPI

Fig. 1. Illustration of the MPI, before normalization.
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Fig. 2. Normalized cost of the best found solution as a function of nodes visited:
(Cn − C(x∗))/(C(b)− C(x∗)).
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Fig. 3. Performance profile: proportion of instances where a method performs within
a factor τ of the best. Metric: nodes visited before finding a solution within 20% of
optimal.
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selected so that they were solvable by BeFS in 10 000 nodes. Therefore the MPI
approaches 0 as the maximum node count goes to 10 000. In a real-world scenario,
there is no such guarantee on how easy the problems are to solve. So overall,
CWDS emerges as a solid choice for a large range of allowed computation times.

Figure 3 shows a performance profile for how many nodes it takes to find
a solution that is within 20% of the optimal solution. We see that CWDS is
generally very good at solving the hardest instances and gets within 20% of
optimum for nearly all instances (within 10 000 nodes). We attribute the strong
performance of CWDS to the combination of conflict-weighting (which steers the
search toward feasible solutions), the diving behavior inherent to discrepancy-
based searches. It is important to note that this strategy incurs no additional
computational overhead relative to other discrepancy-based strategies, making
it at least as scalable as the main tree-search algorithm. In operational settings,
however, this novel strategy is likely to yield better solutions more quickly.

Table 1. Average (SE) MPI for all node selection strategies and train lines.

Search mode Jærbanen Gjøvikbanen Kongsvingerbanen Dovrebanen

LDS .168 (.0070) .262 (.0129) .180 (.0094) .201 (.0262)
CWDS .059 (.0027) .097 (.0063) .062 (.0047) .098 (.0155)
BeFS .148 (.0047) .185 (.0076) .191 (.0088) .247 (.0227)
DFS .346 (.0121) .460 (.0179) .267 (.0153) .484 (.0409)
HBeFS .119 (.0049) .214 (.0106) .139 (.0077) .623 (.0399)

5 Conclusion

Our proposed search strategy makes use of conflict-weighted cost in a discrep-
ancy framework, and rapidly generates updated timetables with few and small
unnecessary delays. The method outperformed standard methods on four Norwe-
gian train lines, suggesting that our approach generalizes well. The method has
the potential to increase computational efficiency of train rescheduling, which is
currently a major blocker for automated decision support systems. This contri-
bution also supports the United Nations SDG 11 (target 11.2), by enabling safer
and more sustainable public transport through more reliable rail operations.
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