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Abstract: Compared to traditional multi-robot path planning problems, multi-chain robot path
planning (MCRPP) is more challenging because it must account for collisions between robot units and
between the bodies of a chain and the leading unit during towing. To address MCRPP more efficiently,
we propose a novel algorithm called Multi-Train Safe Interval Path Planning (MT-SIPP). Based on
safe interval path planning principles, we categorize conflicts in the multi-train planning process into
three types: travel conflicts, waiting conflicts, and station conflicts. To handle travel conflicts, we use
an improved k-robust method to ensure trains avoid collisions with other trains during movement.
To resolve waiting conflicts, we apply a time correction method to ensure the safety of positions
occupied by trains during waiting periods. To address station conflicts, we introduce node constraints
to prevent other trains from occupying the station positions of trains that have reached their target
stations and are stopped. Experimental results on three benchmark maps show that the MT-SIPP
algorithm achieves about a 30% improvement in solution success rate and nearly a 50% increase in
the maximum number of solvable instances compared to existing methods. These results confirm the
effectiveness of MT-SIPP in addressing the challenges of MCRPP.

Keywords: multi-chain robot; path planning; travelling conflicts; waiting conflicts; station conflicts

1. Introduction

Intelligent robots are increasingly being applied in smart environments and are capa-
ble of autonomously or semi-autonomously performing diverse tasks through instruction
reception and execution. Particularly in scenarios necessitating that multiple robots co-
operatively reach different target locations for task execution, such as in logistics [1,2],
agriculture [3], and factory handling [4,5], the technology of Multi-Agent Path Finding
(MAPF) [6] becomes pivotal. This technology aims to devise optimal and collision-free
paths from starting points to target points for each robot while ensuring safety during the
movement process.

In pursuit of this objective, researchers have extensively explored the field of MAPF [7–9],
introducing a variety of planning algorithms [10–12] tailored to diverse path planning needs.
Among these, Sharon et al. [13] proposed the Conflict-Based Search (CBS) algorithm, which
has made significant strides in achieving optimal and comprehensive solutions for MAPF.
CBS utilizes a conflict constraint tree to expand nodes, detecting conflicts and imposing
constraints based on optimal single-agent path planning. It subsequently replans conflicting
robots within existing constraints until conflict-free paths are established. In order to further
enhance the efficiency of the CBS algorithm, Boyarski et al. [14] improved strategies for
conflict priority and meta-agents, which effectively reduced the number of conflicting
nodes. Additionally, Ariel et al. [15] optimized the node expansion process within the CBS
algorithm by introducing the Add Heuristics to Conflict-Based Search (CBSH) algorithm.
By integrating heuristics as reference metrics for node selection during high-level node
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expansions, CBSH effectively reduces the number of expanded nodes, thereby accelerating
the solving process. Building on the CBSH algorithm, Li et al. [16] addressed the issue of
long processing times for handling rectangle conflicts. By introducing different methods
to infer and add rectangle conflict constraints, Li effectively reduced invalid or redundant
node expansions, thereby further improving the solving efficiency of the CBSH algorithm.

Taking into account potential delays encountered by robots during actual movement,
Dor et al. [17] introduced the k-Robust Conflict-Based Search (kR-CBS) algorithm. This
algorithm allocates a safety margin of time steps for each path node during planning, en-
suring robots can safely execute tasks even when delays in time steps occur. This proactive
approach effectively mitigates potential collision risks. To tackle the challenge of exploring
large path node spaces in coupled algorithms for multi-agent planning, Phillips et al. [18]
introduced the Safe Interval Path Planning (SIPP) algorithm. This method prioritizes
sequential planning of multiple robots based on their respective priorities. As robots
complete their planning, they dynamically update safe intervals on the map grid, guiding
subsequent robots in selecting path nodes. This decoupled and priority-driven approach
ensures conflict-free paths once all robots have finalized their plans, significantly enhancing
overall solving efficiency. However, Yakovlev et al. [19] identified a limitation in the SIPP
algorithm during node expansion, where each grid node permits passage for only one robot
at a time, potentially resulting in scenarios where solutions are not achievable. Therefore,
he introduced a Weighted Safe Interval Path Planning algorithm that maintains optimal
and suboptimal nodes during path node expansion. If the optimal node path cannot be
expanded further, the algorithm leverages suboptimal nodes to improve solution success
rate and adaptability.

The MAPF algorithms mentioned above demonstrate adaptability for traditional
robots that occupy a single grid node. However, they are not applicable to path planning
problems for chain robots [20], such as trains and serpent robots, which occupy multiple
grid nodes. Chain robots, compared to traditional robot transport methods [21,22], offer
greater flexibility by integrating multiple transport units to carry large quantities of goods.
Additionally, their transport mechanism is highly efficient and energy-saving, requiring
only the head unit as a power source to pull an entire train-like assembly of carriages, align-
ing with principles of green sustainable development. Currently, chain robots show broad
application prospects across various fields, including efficient baggage handling at airports,
flexible product transport in factory production lines, and convenient flower transport in
greenhouse environments. For the path planning problem of chain robots, Lin et al. [23]
proposed an innovative multi-train scheduling algorithm based on simulated annealing,
capable of delivering high-quality solutions within a limited timeframe. Svancara et al. [24]
introduced a novel constraint-based scheduling model for the MAPF problem, emphasizing
optional activities. He et al. [25] developed a dynamic train trajectory planning method
that integrates model predictive control and multi-swarm particle swarm optimization,
effectively reducing energy consumption. Zhang et al. [26] presented a multi-objective
integer nonlinear programming model aimed at minimizing passenger travel time and opti-
mizing average train load utilization. Arsalani et al. [27] addressed the train formation and
transportation path optimization problem with a mixed-integer linear programming model,
providing satisfactory solutions within a reasonable time frame. Dor et al. [28] defined the
Multi-Train Path Finding (MTPF) problem and introduced the Multi-Train Conflict-Based
Search (MT-CBS) algorithm. Building on the MT-CBS algorithm, Chen et al. [29] proposed
enhanced versions including MT-ICBS, MT-CBSH, and MT-CBSH-RM, offering more com-
prehensive solutions for the path planning of chain robots. However, CBS-based algorithms
inherently rely on node search and splitting mechanisms, which present limitations for
large-scale MTPF problems. In contrast, the Safe Interval Path Planning (SIPP) algorithm
utilizes safe intervals as the foundational planning element, allowing for the simultaneous
detection and adjustment of multiple consecutive time steps, thereby ensuring higher
search efficiency. While the MT-CBS [28] algorithm is a recognized approach to solving
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MTPF problems, there is a notable gap in research on leveraging the principles of the SIPP
algorithm to address these issues.

Our work aims to bridge a significant gap by substantially reducing the pathfinding
complexity for chain robots, thus enhancing the success rate in solving large-scale multi-
train pathfinding problems. By leveraging the principles of Safe Interval Search Algorithms,
we developed a novel planning strategy called the Multi-Train Safe Interval Path Planning
(MT-SIPP) algorithm, designed to efficiently address the path planning challenges that come
with multiple chain robots. We introduce a new path planning framework for multi-chain
robots based on the concept of safe intervals. Within this framework, conflicts are classified
into train movement conflicts, waiting conflicts, and station conflicts. To resolve these
conflicts, we employ robust methods for train movement conflicts, adjust the occupancy
time steps for waiting conflicts, and manage station conflicts through grid checks and the
addition of node constraints. To validate our approach, we conducted extensive simulations
on benchmark maps of varying scales. Additionally, we visualized the planning solutions
for specific instances to demonstrate the effectiveness of the proposed method.

The structure of this paper is organized as follows: Section 2 provides an introduction
to the MAPF and MTPF problems. Section 3 elaborates on the concept of safe intervals.
Section 4 presents the k-robust planning method. Section 5 offers a detailed description of
our proposed method for resolving multi-type conflicts. Section 6 outlines the algorithmic
workflow. Section 7 discusses the simulations conducted on three types of benchmark
maps. Section 8 concludes this study.

2. Problem Description
2.1. Multi-Agent Path Finding

MAPF is a technique for planning paths for multiple robots in an undirected graph
G(V, E), aiming to find a path from the start point to the end point for each robot within
the obstacle-free region. Here, V represents the grid node and E represents the edges
connecting the grid. During the planning process, the robot i typically occupies only one
grid Vi at time step Ti, and the complete path Pi is defined as {(Vi, Ti)|Ti = 0, 1, 2, · · · , costi},
where Vi denotes the grid position of robot i at Ti, and costi represents the total time cost
required for robot i to reach the destination. To ensure the effectiveness of planned paths,
the returned path nodes must adhere to the following constraints:

∀ Vi /∈ Lobstacles (1)

Pi ∩ Pj = ∅, where i ̸= j and i, j = 1, 2, · · · , n (2)(
Vi = Vj−1

)
∩
(
Vj = Vi−1

)
= ∅, where Vi ∈ Pi, Vj ∈ Pj and i ̸= j (3)

where, Lobstacles represents the list storing all obstacle grids; Vi and Vi−1 are the grids the
robot passes through in consecutive time steps, and similarly for vj and vj−1; n is the
number of robots. Equation (1) guarantees that all robot movements are strictly constrained
within the non-obstacle region, ensuring the selected path nodes’ navigability and safety.
Equation (2) effectively prohibits two robots from occupying the same grid node simul-
taneously, thereby preventing potential vertex conflicts. Equation (3) avoids situations
where two robots traverse the same edge of a grid node simultaneously at the same time
step (i.e., Vi = Vj−1 and Vj = Vi−1), thereby eliminating the possibility of edge conflicts.
Furthermore, based on potential conflict scenarios among multiple robots, these can be
categorized into vertex conflicts and edge conflicts. Vertex conflicts occur when two robots
occupy the same grid node simultaneously, as depicted in Figure 1a. On the other hand,
edge conflicts arise when two robots attempt to traverse the same edge of a grid node
simultaneously, as shown in Figure 1b.
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Figure 1. Diagram of conflicts. (a) point conflict; (b) edge conflict.

2.2. Multi-Train Path Finding

MTPF differs significantly from MAPF in its approach to handling chain-like robots.
For robots with a body length of k, as they depart from the starting point, the number of
grids they occupy gradually expands from 1 to k + 1. Specifically, if a robot’s head occupies
grid Vi at time step Ti, its body also occupies nodes such as (Vi−1, Ti−1), (Vi−2, Ti−2),
(Vi−3, Ti−3), · · · , (Vi−k, Ti−k), where Vi−k are the grids previously traversed by the robot’s
head, and these nodes constitute the “car_body”. The path Pi of the multi-train robot i is
represented as {((Vi, Ti), car_body) | Ti = 0, 1, 2, · · · , costi}. The core objective of MTPF
algorithms is to identify a set of path sets, ensuring all robot paths are collision-free and
minimizing the total cost sum of all paths. This necessitates that the algorithm consider
not only the optimal path for each individual robot during planning but also to coordinate
path selections among multiple robots to achieve global optimality.

MTPF Objectives:
minSOC = min{∑n

i=0 costi} (4)

MTPF Constraints:
∀ Vi ∈ R (5)

Pi ∩ Pj = ∅, where i ̸= j and i, j = 1, 2, · · · , n (6)

where, n denotes the number of chain robots, R denotes the list consisting of non-obstacle
grids and SOC refers to the aggregate cost in time for all chain robots to reach their target
points individually. Equation (5) ensures unrestricted movement of all chain robots within
non-obstacle regions. Equation (6) specifically addresses the unique characteristics of chain
robots, ensuring that no part of the robot, including the head and multiple body segments,
simultaneously occupies the same grid cell as any part of another chain robot during
movement. This precaution is necessary to prevent point conflicts, as depicted in Figure 2.
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Notably, since chain robots occupy multiple contiguous grids during movement, the
MTPF problem avoids edge conflict scenarios that could arise in MAPF, such as when two
chain robots might swap positions, as depicted in Figure 2.
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3. SIPP Algorithm

The Safe Interval Path Planning (SIPP) algorithm innovatively extends the classical
A* algorithm [30] by incorporating the concept of safe intervals. In this algorithm, each
grid cell is pre-defined with a global safe interval list. For example, obstacle grid cells
have an empty safe interval list, while unvisited grid cells initially possess an initial safe
interval list [(0, ∞)], indicating safe accessibility at any time. During MAPF, each robot
evaluates whether to add expanded grid cells to the OPEN list based on their respective
safe interval lists. This mechanism enables precise node selection, significantly reducing
unnecessary node expansions. After successful path planning for multiple robots, they
backtrack from their respective target nodes to generate individual paths. Subsequently, the
SIPP algorithm updates the global safe interval lists of involved grid cells in these paths to
ensure subsequent planning robots can avoid conflicts and select nodes based on updated
safe interval information.

Consider one non-obstacle grid with a safe interval list [(0, ∞)] in Figure 3 as an
example. Following the completion of multi-robot planning, assume Robot 1 passes
through grid cell A at time step 3, and Robot 2 passes through the same grid cell at time
step 5. Based on this information, the safe interval list for this grid cell will be updated to
[(0, 2), (4), (6, ∞)], effectively representing its availability across different time periods.
This mechanism illustrates how the SIPP algorithm offers a clear and efficient conflict
avoidance strategy for subsequent robot planning.
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4. K-Robust Planning Methods

As referenced in [17], to mitigate potential delays encountered by robots during path
execution, an effective strategy involves preemptively accounting for delay factors during
the planning stage and assigning suitable safety buffers for each robot. This measure
significantly enhances the robustness of multi-robot path planning, enabling it to withstand
delays to a certain extent. In practical implementation, since most multi-robot path plan-
ning algorithms expand nodes based on integer time steps, K-robust planning algorithms
typically simplify computations by setting k as an integer value. For instance, in Figure 4, if
Robot 1 is allocated a safety buffer of 1 time step during the planning phase (i.e., k = 1)),
and Robot 1 passes through a grid at time step 3 while Robot 2 passes through the same grid
at time step 5, the safe interval for grid A would accordingly update to [(0, 2), (7, ∞)]. This
updating strategy ensures that robots can traverse grids safely and sequentially according
to their planned paths, even in the presence of potential delays.
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Upon comparing Figures 3 and 4, we can clearly discern the practical application
effects of the K-robust planning algorithm. This algorithm effectively extends the time
duration that a robot occupies a grid from a single time step to K + 1 time steps. Therefore,
if Robot 1 or Robot 2 encounters a delay of up to k time steps upon leaving grid A, they
may potentially remain on grid A during these k time steps. To mitigate this scenario,
the K-robust planning algorithm assigns a safety buffer of k time steps for these robots.
This approach treats the subsequent k time steps as collision intervals during planning,
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effectively preventing other robots from passing through grid A within k + 1 time steps.
Such a strategy ensures that Robot 1 and Robot 2 can safely execute their path planning
even in the presence of delays, thus minimizing potential collisions and conflicts.

5. MT-SIPP Algorithm

Based on the SIPP algorithm [18], this paper extends its application to multi-train
path planning. The MT-SIPP algorithm categorizes potential conflicts into three types
when planning paths for multiple trains: train movement conflicts, waiting conflicts, and
station stopping conflicts. To effectively address these conflicts, the algorithm employs the
following strategies:

(1) For movement conflicts, the MT-SIPP algorithm employs an improved K-robust
method. This approach ensures that trains maintain sufficient safety distances during
their movement, effectively preventing collisions with other trains.

(2) When facing waiting conflicts, the algorithm utilizes time adjustment techniques. By
appropriately adjusting the waiting times of trains, this method ensures that the track
positions occupied by waiting trains remain unobstructed by others, thereby ensuring
the safety of waiting trains.

(3) Addressing station stopping conflicts, the MT-SIPP algorithm implements strategies
such as adding node constraints. These strategies ensure that when a train reaches
and stops at its destination station, other trains do not occupy or block its stopping
position, thereby mitigating station stopping conflicts.

5.1. Train Movement Conflicts and Resolution Methods
5.1.1. Definition of Conflict

Train movement conflicts refer to collisions or overlaps between the bodies of two
trains during their traction and movement. This occurs when parts of two or more trains
occupy the same grid simultaneously, denoted as p_T_I ∩ p_T_J ̸= ∅. In train path
planning, the process typically revolves around planning based on the train head and
indirectly inferring the body’s movement path through the head’s trajectory. However, this
simplified approach may lead to potential conflicts. To completely avoid such conflicts, it is
essential to consider the paths of entire trains, especially when updating safety intervals.

As depicted in Figure 5a, if no additional time step constraints are imposed on the
orange grid traversed by train a during its head path planning, there is a risk that train
b could enter the same grid immediately after train a’s head has departed. This scenario
may lead to a collision between train a’s body and train b. Similarly, in Figure 5b, without
additional time step constraints on the orange grid along train a’s head path, when train
a’s head reaches the blue grid, train b’s head might occupy the orange grid. Even if train
b’s head has already vacated the orange grid before train a arrives, the presence of train
b’s body in the area could still result in a collision between the two trains. Therefore, to
prevent train movement conflicts, it is essential to comprehensively consider the paths of
entire trains during the planning process and apply appropriate time step constraints to
grids where conflicts may occur.
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5.1.2. Conflict-Free Strategy

In addressing the train movement conflicts outlined in Section 5.1.1, this paper pro-
poses the adoption of an enhanced K-robust method [17] to effectively mitigate these
conflicts. As depicted in Figure 6, during the progression of a train, once its head traverses a
grid (designated as grid x), the system automatically designates all time steps from t− k to
t+ k (specifically, t− k, t− k+ 1, · · · , t− 1, t, t+ 1, · · · , t+ k− 1, t+ k) as collision intervals
for that grid. This precaution prohibits other trains from passing through the grid during
this defined time window, thereby ensuring robust prevention of train movement conflicts.
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This strategy ensures that during the movement of the current train, its body will
be completely cleared from the current occupied grid after k time steps. Alternatively, if
another train has passed through and vacated the grid before k time steps, the current
train’s body can also be fully cleared from the grid occupied by its head within k time steps.
This approach effectively prevents collisions between two trains during their movement.

By setting collision interval constraints (t− k, t + k) for grids traversed by the current
planned train, we ensure that after completing the current train’s planning phase, no other
train passes within k grids behind or ahead of it. This measure effectively mitigates the risk
of the train’s body colliding with other trains or being collided with during its movement.

The following is a segment of pseudocode for identifying successor nodes at time step
t that satisfy the robust safety criteria for trains within ±k time steps Algorithm 1:

Algorithm 1: get_k_robust_successors(s)

1: neighbors = get_neighbors(s)
2: for m in neighbors do
3: for interval in m_sa f e_interval_list do
4: if interval_start <= t− k && t + k <= interval_end then
5: node = (m, t), successors append node
6: end if
7: end for
8: end for
9: return successors

Obtaining nodes that satisfy the ±k robust conditions is essential, yet insufficient
to ensure absolute conflict-free operation between trains. To safeguard system integrity,
it is imperative to methodically update the safety intervals of grids encompassed by the
planned paths following successful planning completion. This practice prevents inadvertent
occupation of already allocated safety intervals during node expansion in subsequent
planning phases, thus effectively preempting potential conflicts.

5.2. Train Waiting Conflicts and Resolution Methods
5.2.1. Definition of Conflict

Train waiting conflicts occur when a train, during its journey, is forced to halt and wait
due to obstruction by another train. Improper handling of such situations can lead to a
phenomenon where multiple cars of the halted train occupy the same grid simultaneously.
As depicted in Figure 7, when applying an improved k-robust method to update safety
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intervals (with k = 3), the train’s locomotive occupies grids D, C, B, A at consecutive time
steps t = 1, 2, 3, 4, respectively. Under normal conditions, at time step t = 4, while the
locomotive occupies grid A, the train’s three cars are positioned on grids B, C, D. According
to the k-robust method, to prevent conflicts, the system restricts other trains from passing
through grids D, C, B, A during time steps 1 to 4, 1 to 5, 1 to 6, and 1 to 7, respectively.
However, complications arise when a train waits at grid A for 6 time steps (until t = 10)
before resuming its journey. Despite the enhanced k-robust method prohibiting other trains
from passing through grids D, C, B, A during time steps 1 to 4, 1 to 5, 1 to 6, and 1 to 13,
in such cases, the train’s cars remain stationary on their original grids from time steps 7
to 9, leading to a lapse in collision avoidance intervals. This indicates that if another train
attempts to pass through grids D, C, B during time steps 5 to 10, 6 to 11, 7 to 12, collisions
may potentially occur.
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Hence, to prevent such waiting conflicts, it is imperative to incorporate additional
temporal constraints into the train waiting process. This measure ensures that, even during
train halts, other trains are prevented from accessing grids where collisions could occur,
thereby comprehensively enhancing system safety.

5.2.2. Conflict-Free Strategy

To address train waiting conflicts, this paper proposes a time-step adjustment method
designed to effectively prevent collisions between trains during waiting periods. Upon
completion of route planning and safety interval updates at the train head, we analyze
the positional relationship of adjacent path nodes to identify instances where the train is
waiting at specific locations. We calculate the waiting duration (t_w) based on the cost
differential between these adjacent nodes.

Specifically, if nodes node_a and node_b are consecutive path nodes where node_a_
position equals node_b_position, this indicates that the train is waiting at node_b’s position.
The waiting time t_w can be determined by calculating the difference between node_b_g
(the cost of node_b) and node_a_g (the cost of node_a). When updating the safety interval of
the train head, if the head waits for t_w time steps at a certain time step, the corresponding
time that the train body occupies adjacent grids will also extend by t_w time steps. Since
the grids occupied by the train body are those the train head has already passed through,
adjusting the time the train body occupies these grids essentially adjusts the time the train
head passes through them. To determine the grids occupied by the train body during
waiting, we trace back from the current position of the train head while excluding the
waiting path nodes. Ultimately, the time steps at which the train head passes through the
grids occupied by the car i will be adjusted from the original t to t + t_w. As illustrated in
Figure 8, suppose a train of length k (where k ≤ 10) passes through grids D, C, B, A at time
steps 11, 12, 13, 14, respectively, and waits at grid A for 5 time steps until time step 19, still
occupying grid A. To prevent conflicts, the time steps during which the train head passes
through grids D, C, B need adjustment to 11 to 16, 12 to 17, 13 to 18. Consequently, other
trains will be prohibited from passing through the corresponding grids during time steps
(11− k, 16 + k), (12− k, 17 + k), (13− k, 18 + k).
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Through this approach, we can introduce supplementary temporal constraints on the
grids occupied by the train body during its waiting periods. This effectively prevents other
trains from traversing these grids while the train is in a state of wait, thereby preempting
potential collisions.

Before updating the safety interval list following successful single-machine planning,
the pseudocode for identifying waiting nodes in the path and implementing time-step
adjustment to prevent waiting conflicts is outlined as follows Algorithm 2:

Algorithm 2: detection_and_correction_of_waiting_nodes(goal)

1: path = make_path(goal)
2: for node in path do
3: update_safe_interval(node)
4: if node_position=next_node_position then
5: tw=next_node_g-node_g
6: car_body=get_car_body(node)
7: for M in car_body do
8: for t0 in (M_t, M_t + tw) do
9: node0 = (M_position,t0)
10: update_safe_interval(node0)
11: end for
12: end for
13: end if
14: end for

To effectively prevent waiting conflicts after successful single-machine planning, we
identify waiting nodes in the path before updating the safety interval list and implement
time-step adjustments. This method is selected for two primary reasons: first, to avoid
unnecessary checks for waiting conflicts and unnecessary time-step adjustments for every
expanded node during the planning process, thereby reducing computational complexity
and improving solution efficiency; second, because in single-machine planning, although
many nodes are expanded, not all nodes ultimately contribute to the final path. Only those
nodes selected to form the final path are considered genuinely significant.

5.3. Train Station Stop Conflicts and Resolution Methods
5.3.1. Definition of Conflict

Train station stop conflicts refer to situations during train operations where, for various
reasons, one train attempts to stop at a station but encounters positional conflicts with
another train. These conflicts primarily encompass three scenarios: firstly, the train’s
body occupies the destination point intended for another train after it has stopped (i.e.,
e_j ∈ p_T_I and e_j ̸= e_i); secondly, the planned stopping position of the train is already
occupied by another train; thirdly, after stopping, the train’s body completely obstructs
another train’s path to its destination point.

During train head path planning, failure to adequately consider the actual grid occu-
pation by the train body can lead to station stop conflicts, even when the target points of
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two trains differ. Figure 9a illustrates the first conflict scenario where the body of train 1
occupies the target point of another train after stopping, directly preventing the other train
from stopping as planned and causing planning failure. Figure 9b shows the second conflict
scenario where the planned stopping position of train 2 is already occupied by another
train, similarly leading to planning failure for train 2. Figure 9c depicts the third conflict
scenario where, in narrow settings, one train completely obstructs another train’s path to its
target point after stopping, resulting in planning failure for the obstructed train. To mitigate
these station stop conflicts, it is essential to fully consider the actual grid occupation by the
train body during the path planning phase. This consideration should also encompass the
relative positions and operational timings with respect to other trains, ensuring safe and
efficient station stops and operations.
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5.3.2. Conflict-Free Strategy for Status 1 and Status 2

To effectively mitigate station stop conflicts described in scenarios 1 and 2, this study
employs a strategy that combines grid position checks for parking and the addition of
node constraints. When planning the path for each train to reach its destination point, the
system traces back several preceding path nodes before the target point to determine the
specific grid range occupied by the train body upon arrival (referred to as car_position).
Subsequently, the system checks whether car_position intersects with the destination points
of other trains (stored in the GOALS list) or grids occupied by already stopped trains
(stored in the CARS list). If car_position ∩GOALS ̸= ∅ or car_position ∩ CARS ̸= ∅, it
signifies that stopping at the current extended path node would lead to conflicts with other
trains. In such cases, the algorithm discards the current node and continues exploring other
potential path nodes until finding a car_position that neither overlaps with any destination
points in the GOALS list nor with grids occupied by stopped trains in the CARS list (i.e.,
car_position∩GOALS = ∅ and car_position∩CARS = ∅). This ensures that the current
train can safely stop at that node. The algorithm retains this path node for subsequent
backtracking and generation of a comprehensive conflict-free path.
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It is noteworthy that nodes in the GOALS list are extracted during the algorithm
initialization phase by reading map task information. In contrast, the CARS list requires
dynamic updating after completion of each train’s path planning phase. This involves
backtracking from the target points to capture the grid positions occupied by the train body
upon the final station stop, ensuring real-time reflection of track occupancy.

The pseudocode for this process is as follows Algorithm 3:

Algorithm 3: resolve_station_stopping_conflict-1(s)

1: if s = goal do
2: car_position = get_car_position(s)
3: if car_position ∩ {GOALS ∪ CARS} ̸= ∅ then
4: s = get_best_node(OPEN)
5: con f lict = True
6: else
7: con f lict = False
8: end if
9: end if

5.3.3. Conflict-Free Strategy for Status 3

To address the third type of station stop conflict as depicted in Figure 9, which can-
not be preemptively detected during the initial train planning phase, we adopt a post-
processing strategy. In cases where train 2 encounters a scenario where its path to the
destination is entirely blocked by other trains during planning, we prioritize the planning
of train 2. This prioritization ensures that train 2 is planned first, allowing train 1, which is
planned subsequently, to make decisions based on train 2’s path, either waiting for train 2
to reach its destination point before occupying its own destination point or opting for an
alternative path to avoid obstructing train 1’s arrival.

To achieve this objective, this study employs a method for continuous multi-node
endpoint conflict detection. In a priority-based multi-train path planning algorithm, when-
ever a train’s leading node extends to reach a target point, we examine the g value of
the current extension node (which represents the time cost for the train to reach its target
point) and assess whether other trains are scheduled to pass through the same target point
subsequently. If the g-value of another train passing through the current train’s target point
(denoted as g_i) is less than or equal to the current train’s g value (i.e., g ≤ g_i), it indicates
a conflict. In such cases, we discard that node and continue expanding until we find a node
with a g value less than g_i, indicating that no further trains are scheduled to pass through
the current train’s target point, thereby achieving successful planning.

In multi-train path planning, in addition to single-node conflict detection for each
train’s head, it is crucial to perform endpoint conflict detection for grids occupied by the
connected train bodies along adjacent connections. This ensures that the current planned
train can stop safely without obstructing previously planned trains that have already
passed through its station grids, thus preventing potential collisions. However, in specific
scenarios where prioritizing the planning of one train, such as train 2, inadvertently blocks
another train, like train 1, from reaching its destination, it indicates a mutual constraint
between the trains. To resolve this issue, when replanning train 1, we proactively add the
stop position of train 2 from the previous planning round (referred to as car_position_2) to
the constraint list. This ensures that when prioritizing the planning of train 1, the algorithm
selects a stopping location that avoids occupying grids in car_position_2, thereby enabling
train 2 to reach its destination unimpeded. Nevertheless, it is important to note that in
highly congested and narrow scenarios where each train has only one viable path to its
destination, mutual constraints between trains may render the algorithm unable to find a
solution. In such cases, additional strategies or measures may be required to resolve these
path conflicts effectively.
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The pseudocode for this section is as follows Algorithm 4:

Algorithm 4: resolve_station_stopping_conflict-2(s)

1: if s = goal do
2: car_position = get_car_position(s)
3: result←conflict detection(car_position)
4: if result = False then
5: s←get_best_node(OPEN)
6: con f lict = True
7: else
8: con f lict = False
9: end if
10: if car_position ∩ constaints ̸= ∅ do
11: s←get best node(OPEN)
12: con f lict = True
13: else
14: con f lict = False
15: end if
16: end if

Finally, as depicted in Figure 10, following the completion of train planning, the system
ensures operational safety and prevents future conflicts by excluding grids occupied by the
train body after it reaches its final destination and extending its safety interval. This measure
effectively prohibits other trains from passing through grids where a train has already
halted, thereby maintaining safety intervals between trains and substantially mitigating
potential conflicts.
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6. Flowchart of MT-SIPP Algorithm

In conclusion, the framework of the MT-SIPP algorithm, illustrated in Figure 11, com-
prises four meticulously designed core components aimed at achieving efficient and secure
train path planning. These components include: Station Conflict Detection and Handling,
responsible for real-time detection and effective resolution of potential station conflicts
during planning; Waiting Node Identification and Time Step Adjustment, ensuring the
recognition of waiting scenarios and adjusting time steps accordingly to prevent conflicts;
Effective Safety Interval Update, which updates and excludes safety intervals of grids occu-
pied by completed train plans to preempt subsequent conflicts; and Priority Adjustment,
which flexibly reorders train planning based on mutual constraints and priorities, ensuring
smooth problem resolution.
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7. Experimental Analysis

This paper compares five multi-train path planning algorithms, MT-CBS, MT-ICBS,
MT-CBSH, MT-CBSH-RM [29], and MT-SIPP, on three benchmark map environments [6]
(blank-empty-48-48, random-random-32-32-20, and room-room-32-32-4) for a performance
evaluation. MT-CBS, MT-ICBS, MT-CBSH, and MT-CBSH-RM are based on the basic CBS
(Conflict-Based Search) algorithm, the modified CBS algorithm, the CBS algorithm with
heuristics, and the CBS algorithm combining the heuristics and MDD (Manhattan Distance
on a Grid) for rectangular conflict reasoning is implemented in the CBS algorithm. In
the experiments, the number of trains n was systematically increased, with 25 instances
tested for each train count. In tables, algorithms with notably shorter average runtime
under identical conditions are highlighted in bold. “-” marks denote instances where
the compared algorithms failed to produce solutions under the corresponding conditions,
enhancing the visual comparison of algorithm performance across different scenarios.

Our experimental setup consisted of a Windows 10 operating system, a 2.3 GHz
processor, and 8 GB of memory. The algorithms MT-CBS, MT-ICBS, MT-CBSH, and MT-
CBSH-RM were implemented in C++, while the MT-SIPP algorithm was implemented
in Python. Each algorithm was restricted to solving individual instances within a 2 min
time frame. Instances failing to provide a valid solution within this limit were categorized
as unsuccessful.
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7.1. Testing in a Blank Map Environment

The blank map environment is distinguished by a prominent feature: the entire map
space consists of obstacle-free open areas. This environment provides optimal conditions
for the unrestricted movement and efficient interaction of multiple robots. As depicted
in Figure 12, this study selected this typical blank map environment, sized 48 × 48, for
evaluating algorithm performance. Figure 13 visually illustrates the comparative results of
MT-CBS, MT-ICBS, MT-CBSH, MT-CBSH-RM, and MT-SIPP algorithms in terms of their
success rates in solving problems within the blank map environment. This comparison
offers a clear insight into the performance disparities among the algorithms under these
specific environmental conditions.
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Based on the success rate comparison depicted in Figure 13, it is evident that among
the five multi-train path planning algorithms MT-CBS, MT-ICBS, MT-CBSH, MT-CBSH-RM,
and the proposed MT-SIPP algorithm consistently exhibit the highest success rates in the
empty map environment. Of particular note is that although the MT-CBSH-RM algorithm,
a prominent CBS-type algorithm, shows comparable success rates to the MT-SIPP algorithm
when the value of k (train body length) is small, the superiority of the MT-SIPP algorithm
becomes more pronounced as k increases. Detailed statistical analysis reveals that at k = 1,
the MT-SIPP algorithm exhibited average success rate improvements of 44.7%, 44%, 42.6%,
and 5.6% compared to the other four algorithms. At k = 2, these enhancements were 40%,
38%, 39%, and 17%. At k = 3, the improvements were consistently 42%, 42%, 42%, and
33%. Notably, at k = 4, the algorithm achieved substantial improvements of 49.1%, 48.4%,
48.4%, and 43.6%, while at k = 5, the figures were 48%, 47.6%, 46.9%, and 44%. These
findings underscore a significant performance advantage of the MT-SIPP algorithm over
CBS-like multi-agent pathfinding algorithms in achieving higher success rates, with an
average improvement nearing 40% in blank map environments. Furthermore, regarding
the scalability in handling multiple train instances, particularly at larger k values (e.g.,
k = 4.5), MT-SIPP demonstrated superior capability, effectively managing nearly twice the
maximum train instances compared to alternative algorithms.
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Figure 13. Comparison of success rates of several algorithms in blank map environment. (a) k = 1;
(b) k = 2; (c) k = 3; (d) k = 4; (e) k = 5.

In our statistical analysis of algorithm runtime (as shown in Table 1), we compared the
MT-CBSH-RM algorithm, known for its superior efficiency in CBS-like multi-train planning
algorithms, with the MT-SIPP algorithm. In a blank map environment, MT-CBSH-RM
demonstrates better algorithmic runtime efficiency than MT-SIPP when k (train length) is
small or when solving a small number of trains. However, as the number of trains or k
increases, CBS-like multi-train planning algorithms experience a rapid expansion of their
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solution space, resulting in a gradual decline in efficiency. This efficiency gap becomes
more pronounced with increasing problem complexity.

Table 1. Runtime statistics (s) of two algorithms in blank map environments.

n
k = 1 k = 2 k = 3 k = 4 k = 5

MT-SIPP MT-CBSH-RM MT-SIPP MT-CBSH-RM MT-SIPP MT-CBSH-RM MT-SIPP MT-CBSH-RM MT-SIPP MT-CBSH-RM

5 0.416 0.003 0.432 0.016 0.483 5.153 0.443 14.934 0.663 15.201
10 0.563 0.007 0.615 0.022 0.729 16.249 6.111 29.459 6.363 30.023
15 0.725 0.019 1.103 9.75 1.058 39.504 6.541 44.933 6.664 64.845
20 1.051 0.035 1.573 9.946 1.474 57.664 7.456 62.731 8.188 82.982
25 1.548 0.053 6.874 20.533 6.918 62.574 9.1 86.532 — —
30 1.851 0.109 7.495 29.742 22.032 81.689 — — — —
35 7.377 5.155 7.996 44.751 36.948 87.988 — — — —
40 8.529 7.244 9.569 64.221 42.265 110.499 — — — —
45 11.073 17.743 34.138 85.798 66.665 115.241 — — — —
50 21.69 26.874 66.568 101.118 — — — — — —
55 35.186 46.069 72.455 105.727 — — — — — —
60 48.575 46.335 — — — — — — — —
65 54.116 62.783 — — — — — — — —
70 68.208 78.754 — — — — — — — —
75 79.471 92.465 — — — — — — — —
80 93.359 101.921 — — — — — — — —

The aforementioned results indicate that in a blank map environment, CBS-like multi-
train planning algorithms, particularly the MT-CBSH-RM algorithm, excel in both success
rate and runtime efficiency when k values are small and the number of trains is limited.
This is largely attributed to the expansive layout of the map, which allows ample maneu-
vering space for trains. However, as the number of trains increases or k values grow larger,
the available maneuvering space for trains gradually diminishes, leading to a significant de-
crease in the solving efficiency of CBS-like algorithms. In contrast, under these circumstances,
the MT-SIPP algorithm consistently maintains higher solving efficiency, demonstrating its
superior performance in handling complex multi-train pathfinding problems.

7.2. Random Map Environment Testing

In a random map environment, the distribution of obstacles is stochastic, leading
to dispersed and variably-sized passable areas for trains. This variability undoubtedly
presents considerable challenges for multi-train planning on such maps. As depicted in
Figure 14, this study utilized a representative random map measuring 32 × 32 for testing
purposes. To thoroughly evaluate the performance of diverse algorithms in this setting,
comprehensive testing was conducted, and the findings are consolidated in Figure 15 and
Table 2.
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Figure 14. Random map random-32-32-20.
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Table 2. Runtime statistics (s) of two algorithms in random map environments.

n
k = 1 k = 2 k = 3 k = 4 k = 5

MT-SIPP MT-CBSH-RM MT-SIPP MT-CBSH-RM MT-SIPP MT-CBSH-RM MT-SIPP MT-CBSH-RM MT-SIPP MT-CBSH-RM

5 0.525 0.007 0.586 0.011 0.597 0.043 0.592 4.914 0.594 10.639
10 0.589 0.051 0.919 2.651 10.545 31.168 10.406 56.327 6.234 82.654
15 0.712 4.976 6.104 35.48 15.924 77.715 31.447 115.636 — —
20 10.062 10.319 20.281 91.697 31.347 108.167 — — — —
25 20.361 35.737 30.889 107.895 — — — — — —
30 35.097 88.66 — — — — — — — —
35 44.867 109.902 — — — — — — — —
40 68.949 118.032 — — — — — — — —

Based on the comparative results of success rates depicted in Figure 15, it is evident
that in random map environments, the high coverage of obstacles leads to an increasing
number of conflicts among trains as the number of trains to be solved increases. This
diminishes the available maneuvering space and gradually lowers the success rates of all
algorithms. Furthermore, as the value of k (train car length) increases, the number of empty
grids occupied by trains and their occupation duration also increase, thereby reducing the
maximum feasible number of trains that can be effectively managed by several multi-train
planning algorithms. Nevertheless, it is worth noting that across various k values, the
MT-SIPP algorithm consistently achieves higher success rates than several other algorithms.
This superiority is particularly evident at k = 5. In contrast, CBS-like multi-train path
planning algorithms show minimal differences in success rates, with their performance
nearly converging as k increases. This trend primarily stems from the constrained passable
areas in random maps. At lower k values, the enhancement strategies integrated into the
MT-CBS algorithm contribute to improved success rates. However, as k increases, further
reduction in passable space and rapid growth in conflict search state space diminish the
effectiveness of these strategies in enhancing success rates. Overall, the MT-SIPP algorithm
exhibits an average increase in success rates of approximately 30% compared to CBS-like
multi-train planning algorithms. Particularly noteworthy is its ability to handle more than
twice the maximum number of solvable trains compared to CBS-like algorithms when
k > 5. This robust performance underscores the superiority of MT-SIPP in addressing
multi-train path planning challenges in random map environments.

According to the data analysis from Table 2, the prevalence of numerous random
obstacles in random map environments significantly complicates the task of multi-train
planning. In scenarios with smaller k values and fewer trains to solve, the MT-CBSH-RM
algorithm indeed exhibits shorter runtimes compared to the MT-SIPP algorithm. However,
once the number of trains to be solved exceeds 10, regardless of the k value, the runtime of
the MT-CBSH-RM algorithm experiences exponential growth, making it difficult to provide
solutions within a reasonable time frame.

In contrast, while the MT-SIPP algorithm does experience increased runtime as the
number of trains to solve increases, the magnitude of this increase is significantly smaller
compared to the MT-CBSH-RM algorithm. Consequently, when solving for more than
10 trains (i.e., n > 10), the MT-SIPP algorithm consistently demonstrates shorter runtimes
than MT-CBSH-RM, sometimes averaging as little as one-tenth of the latter’s runtime. This
finding strongly validates the superior performance of the MT-SIPP algorithm in addressing
large-scale multi-train planning problems.

7.3. Indoor Map Environment Testing

The indoor map environment replicates the layout of partially enclosed rooms typically
found in real-world scenarios, interconnected by narrow passages allowing only one train
to pass at a time. In this unique map environment, characterized by spatial constraints
and restricted passages, congestion between trains can readily occur, thereby greatly
augmenting the complexity and challenges associated with multi-train planning. The
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indoor room map we tested is illustrated in Figure 16, with comprehensive test results
detailed in Figure 17 and Table 3.
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Figure 16. Room map Room-32-32-4.

In Figure 17, we have contrasted the success rates of several algorithms in solving
room-based maps. The findings reveal that MT-CBS exhibits the lowest success rate,
whereas the MT-SIPP algorithm displays the highest success rate. It is worth noting that the
performance of the multi-train path planning algorithms that incorporate improvements
over MT-CBS shows varying degrees of success and consistency. In specific terms, at k = 1,
both the MT-CBSH and MT-CBSH-RM algorithms achieve identical success rates, slightly
edging out MT-ICBS. However, as k increases, the scenario evolves. At k = 2 and k = 4,
MT-ICBS shows slightly superior performance compared to MT-CBSH and MT-CBSH-RM.
Conversely, at k = 3, MT-CBSH-RM outperforms MT-ICBS and MT-CBSH. By k = 5,
MT-CBSH exhibits marginally better performance than MT-CBSH-RM and MT-ICBS. This
inconsistency in results may be attributed to the unique characteristics of room-based maps
and the high complexity inherent in multi-train path planning. In certain cases, the addition
of more improvement strategies might inadvertently reduce success rates due to increased
algorithmic complexity. Overall, in room-based maps, the MT-SIPP algorithm exhibits
a notable average increase of approximately 27% in success rates compared to CBS-like
multi-train path planning algorithms. This improvement is quite significant.

Based on the data from Table 3, in the context of room-based map environments, it is
observed that when k = 1 and the number of trains n is less than 10, the MT-CBSH-RM algo-
rithm indeed shows shorter runtime compared to the MT-SIPP algorithm. However, across
all other test conditions, the MT-SIPP algorithm consistently demonstrates shorter runtime.

It is noteworthy that many of the connecting passages between rooms in the room-
based maps are single-channel, significantly restricting the throughput of trains. This
structural limitation predisposes CBS-like multi-train planning algorithms to conflict gen-
eration when applied in such environments. To find conflict-free solutions, algorithms
must continually search and replan numerous potential conflict nodes, which inevitably
consumes substantial computational resources. Particularly in densely populated train
scenarios, achieving a conflict-free solution becomes increasingly challenging. Therefore,
the MT-SIPP algorithm demonstrates superior efficiency and adaptability in tackling these
intricate indoor multi-train planning problems.



Machines 2024, 12, 482 20 of 24

Machines 2024, 12, x FOR PEER REVIEW 21 of 25 
 

 

rates compared to CBS-like multi-train path planning algorithms. This improvement is 
quite significant. 

  
(a) (b) 

  
(c) (d) 

 

 

(e)  

Figure 17. Comparison of the success rates of several algorithms in the room map environment. (a) 𝑘 = 1; (b) 𝑘 = 2; (c) 𝑘 = 3; (d) 𝑘 = 4; (e) 𝑘 = 5. 

Based on the data from Table 3, in the context of room-based map environments, it is 
observed that when k = 1 and the number of trains n is less than 10, the MT-CBSH-RM 
algorithm indeed shows shorter runtime compared to the MT-SIPP algorithm. However, 

0 5 10 15 20 25 30 35 40 45 50

0

20

40

60

80

100

Su
cc

es
s r

at
e 

%

Number of trains

 MT-CBS
 MT-ICBS
 MT-CBSH
 MT-CBSH-RM
 MT-SIPP

0 5 10 15 20 25 30 35 40 45
0

20

40

60

80

100

Su
cc

es
s r

at
e 

%

Number of trains

 MT-CBS
 MT-ICBS
 MT-CBSH
 MT-CBSH-RM
 MT-SIPP

5 10 15 20 25 30
0

20

40

60

80

100

Su
cc

es
s r

at
e 

%

Number of trains

 MT-CBS
 MT-ICBS
 MT-CBSH
 MT-CBSH-RM
 MT-SIPP

0 5 10 15 20 25 30
0

20

40

60

80

100

Su
cc

es
s r

at
e 

%

Number of trains

 MT-CBS
 MT-ICBS
 MT-CBSH
 MT-CBSH-RM
 MT-SIPP

0 5 10 15 20 25
0

20

40

60

80

100

Su
cc

es
s r

at
e %

Number of trains

 MT-CBS
 MT-ICBS
 MT-CBSH
 MT-CBSH-RM
 MT-SIPP

Figure 17. Comparison of the success rates of several algorithms in the room map environment.
(a) k = 1; (b) k = 2; (c) k = 3; (d) k = 4; (e) k = 5.
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Table 3. Runtime statistics (s) of two algorithms in indoor map environment.

n
k = 1 k = 2 k = 3 k = 4 k = 5

MT-SIPP MT-CBSH-RM MT-SIPP MT-CBSH-RM MT-SIPP MT-CBSH-RM MT-SIPP MT-CBSH-RM MT-SIPP MT-CBSH-RM

5 0.141 0.003 0.182 1.978 0.206 4.825 0.201 4.835 0.197 5.028
10 5.043 0.048 4.282 5.012 15.235 11.454 15.659 46.146 20.641 75.108
15 9.918 11.623 5.499 45.446 21.503 103.262 31.383 115.334 45.167 117.688
20 10.313 45.438 20.964 102.241 50.649 115.955 — — — —
25 20.793 118.389

7.4. Analysis and Discussion of Experimental Results

The experimental results across various map environments indicate that while strate-
gies such as integrating heuristic function h-value guidance in search and employing MDD
for rectangle conflict resolution can enhance the solving capabilities of the MT-CBS algo-
rithm to some extent, its effectiveness is hindered by the CBS algorithm’s reliance on unit
discretization nodes for path expansion and conflict detection mechanisms. This limitation
results in an exponential increase in solution space as the number of trains n and train
lengths k grow. Despite the incorporation of additional improvement strategies, the overall
enhancement in algorithmic efficiency remains rather limited. In contrast, the MT-SIPP
algorithm proposed in this study primarily expands path nodes and avoids conflicts based
on global safe intervals, demonstrating a linear relationship between search space and
both n and k. Consequently, as n and k increase beyond certain thresholds, the superior
efficiency of the MT-SIPP algorithm in solution space becomes increasingly apparent.

All test results unequivocally demonstrate that our algorithm surpasses existing multi-
train path planning algorithms (MT-CBS, MT-ICBS, MT-CBSH, MT-CBSH-RM) in several
key metrics: success rate, maximum number of solvable trains, and algorithm runtime.
Particularly notable is the MT-SIPP algorithm’s ability to achieve shorter runtimes and
higher solving efficiency when confronted with larger numbers of trains n and longer train
lengths k. Furthermore, our algorithm guarantees that the total cost of generated path
solutions deviates from the optimal path’s total cost by no more than 10%. In scenarios
involving blank maps or random and room-based maps with fewer trains, this deviation is
further minimized to within 5%. This thoroughly validates the feasibility and efficacy of
our algorithm. Despite making compromises in total path cost, its significant advancements
in success rate, maximum solvable capacity, and solving efficiency underscore its broad
applicability in the realm of multi-train path planning.

7.5. Visualization of Path Solutions

Figure 18 visually demonstrates the path planning solutions generated by the MT-
SIPP algorithm across diverse map environments. The figure highlights that in open,
obstacle-free blank maps, despite the absence of direct obstacles, the paths of a significantly
increased number of robots become intricately intertwined, leading to higher path overlaps
and potential conflicts. This underscores the necessity for multi-chain robot planning
algorithms to exhibit strong conflict coordination capabilities. Conversely, in maps with
random layouts or distinct room partitions, robot paths concentrate heavily on narrow
passages that must be traversed. These areas serve as conflict hotspots, thereby imposing
higher demands on the algorithm’s conflict management strategies.
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8. Conclusions

To achieve cost savings and improve transport efficiency, snake-like robots, akin to
train-like transport vehicles, are widely employed across multiple scenarios for cargo
handling operations. However, in CBS-like multi-train path planning algorithms, the
detection and resolution of conflicts for each segment of a snake-like robot occupying grid
nodes often entail intricate processes of conflict node splitting and path searching. This
significantly increases the algorithm’s runtime. At times, such complexity may prevent the
algorithm from delivering feasible solutions within the allocated time, thereby failing to
meet the efficient path planning requirements of multi-robot systems.

In addressing this challenge, we propose the Multi-Train Safety Interval Path Planning
(MT-SIPP) algorithm in this study. This algorithm harnesses the benefits of safety intervals
in solving path planning issues for snake-like robots. By directly adjusting safety inter-
vals and incorporating additional node constraints, it efficiently mitigates conflicts among
snake-like robots, thereby markedly improving path planning efficiency. The simulation
test results convincingly validate the superiority of the MT-SIPP algorithm. Compared
to MT-CBS, MT-ICBS, MT-CBSH, and MT-CBSH-RM algorithms, MT-SIPP demonstrates
significant advancements in both solving capability and efficiency. Specifically, our al-
gorithm shows an average 28% increase in success rate and can handle up to twice the
maximum number of trains solvable by other algorithms. Particularly in scenarios with a
large number of trains and longer train lengths, MT-SIPP consistently provides solutions
rapidly and efficiently, thereby demonstrating its exceptional performance in the field of
multi-train path planning.

In the future, we aim to significantly enhance the performance of our MT-SIPP al-
gorithm by optimizing conflict resolution strategies for greater efficiency and robustness.
Moreover, we will address more complex aspects of chain robots, such as kinematic con-
straints (such as precise steering times and acceleration/deceleration durations), larger
scales, and extended vehicle lengths, thereby advancing solutions for industrial automation
and intelligent logistics.
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