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Abstract

Optimizing high-speed railway (HSR) timetables requires coordinated decisions on train
stopping patterns and local feasibility constraints, such as headway separation and ser-
vice ordering, particularly at stations where consecutive trains share infrastructure. As
network size and service density increase, station-level interactions can induce strategic
behavior among trains competing for overlapping passenger markets. This study intro-
duces a delayed-feedback evolutionary game framework to model interactions between
two trains under incomplete information. Here, “delayed feedback” represents the lag
in information transmission and periodic strategy updates, rather than operational train
delays. We first formulate replicator dynamics for the non-delayed scenario, deriving
equilibrium points and local stability conditions. The model is then extended to include
delayed feedback in payoff evaluation, and the impact of delay parameters on stability
and convergence is analyzed. To account for operational heterogeneity, two station lay-
outs are considered: (i) two tracks per direction, representing small stations with limited
overtaking and stop–pass combinations, and (ii) four tracks per direction, representing
large stations that allow simultaneous stopping and richer operational patterns. Numerical
simulations examine convergence, oscillatory behavior, and parameter sensitivity. Results
indicate that delayed feedback significantly influences system dynamics: small delays
maintain convergence to evolutionarily stable strategies, whereas larger delays induce
persistent oscillations and complex transient trajectories. Station layout further affects sta-
bility regions and long-term strategy profiles. This study is based on analytical derivation
and numerical simulation rather than sample-based statistical inference; therefore, non-
parametric hypothesis testing is not applicable in the present framework. This framework
provides a game-theoretic and stability-oriented tool for station-level timetable analysis,
offering methodological guidance for timetable design under delayed decision feedback in
HSR operations.

Keywords: high-speed railway; train timetabling; evolutionary game theory; delayed
feedback; replicator dynamics; incomplete information; station-level interactions

1. Introduction
By the end of December 2024, China’s high-speed railway (HSR) mileage reached

48,000 km. It is the largest HSR network in the world [1]. Operating technologies keep
improving [2]. Service density keeps increasing on busy corridors. Capacity margins
become tighter. Timetable design becomes more important. A key decision is whether a
train stops at intermediate stations. A stop can attract local passengers. It can increase
boarding revenue [3]. A stop also increases travel time. It also increases operating cost. A
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pass can reduce travel time. It can improve end-to-end attractiveness. A pass can reduce
intermediate demand.

Stop and pass decisions are not independent. They interact with timetable feasibility.
The interaction happens at stations. It also happens between consecutive trains. Two trains
may share station infrastructure. They may share tracks or platforms. Headway constraints
then become binding [4,5]. Train ordering constraints also become binding. A stop decision
by one train can restrict feasible actions for the other train. Many studies have substantially
advanced train operation management from several complementary perspectives. Early
studies investigated disturbance propagation and simulation in railway operations [1].
Other studies focused on timetable compilation and automation [2,3]. Recent reviews
further show that railway timetable rescheduling under uncertainty has developed into a
mature research area with rich methodological foundations and clearly identified future
directions [6].

At the planning level, previous studies examined energy-saving timetables and train
driving strategies [7–11], stop-scheme optimization and capacity utilization [12], as well as
headway and tracking interval constraints in stations [13,14]. Studies have also developed
optimization models for multi-track corridors [15]. More recently, integrated optimization
research has jointly considered stop planning, timetabling, and rolling stock planning
for high-speed railway operations [16], and has further extended joint stop-planning and
timetabling models to time-dependent passenger and freight demand settings [17].

In parallel, a large body of research has focused on real-time dispatching and timetable
rescheduling under disruptions [18,19]. Some studies have also applied learning-based
methods to train operation and control [20]. More recent deep reinforcement learning and
graph-neural-network-based studies have shown promising capability in generating high-
quality timetable rescheduling decisions in real time, with good computational efficiency
and competitive performance against benchmark approaches [21,22]. A recent review of
reinforcement learning in railway timetabling likewise shows that learning-based railway
scheduling is developing rapidly, although many applications remain at an early stage and
are still limited in scale [23].

These studies provide important tools for timetable optimization, dispatching, and
control. However, most of them primarily address centralized planning or real-time
adjustment from a system-level perspective. Comparatively less attention has been paid
to station-level stop/pass interactions as an adaptive strategic process, especially when
decision-makers operate under incomplete information and revise strategies gradually
rather than instantaneously. In this sense, the present study does not aim to replace existing
optimization- or rescheduling-based methods. Instead, it focuses on a more specific and
complementary question: how two consecutive trains sharing station resources adjust
stop/pass strategies over time when payoffs are observed with delay and decisions evolve
through repeated adaptation.

Compared with system-level timetable optimization and rescheduling problems, this
issue is particularly relevant at the station level, where local infrastructure directly shapes
the feasible combinations of stopping and passing decisions. In particular, station layout
determines which stop/pass action pairs are operationally feasible. In smaller stations with
fewer tracks per direction, overtaking opportunities are limited, and some lead–follow ac-
tion pairs may become infeasible. For example, when the leading train stops, the following
train may be unable to pass and may instead have to stop or delay entry. By contrast, in
larger stations with richer track layouts, simultaneous stopping and more flexible stop/pass
combinations become feasible, thereby enlarging the interaction space.

In addition, strategy revision in practice is rarely instantaneous. Decisions are often
adjusted in planning cycles, information may arrive with delay, and passenger responses
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may also evolve gradually. In this study, delayed feedback refers to such lags in pay-
off observation and strategy adjustment rather than to train delays themselves. Under
this interpretation, payoffs are observed with delay and strategies are revised through
lagged feedback. Evolutionary game theory provides a suitable framework for describing
bounded rationality and gradual adaptation, while delayed feedback may alter dynamic
behavior, induce oscillations, and reduce system stability [24–29]. This effect is potentially
important for high-speed railway scheduling, yet it remains insufficiently quantified at the
station level.

Motivated by this station-level interaction problem, this study develops a delayed-
feedback evolutionary game framework for analyzing stop/pass decisions between two
consecutive trains sharing station resources. One train is designated as the preceding train
and the other as the following train. Each train chooses between stopping and passing, and
strategy updates are governed by replicator dynamics under delayed feedback. Rather
than claiming superiority over mature timetable optimization or rescheduling methods,
the proposed model is intended to complement them by characterizing long-run strategy
adjustment, stability conditions, and the influence of delayed feedback under incomplete
information. It is important to emphasize that the proposed evolutionary-game framework
is not intended to describe the safety-critical movement-control layer of high-speed railway
operations, which is governed by deterministic signaling, headway protection, route control,
and dispatching rules. Instead, the model is designed for the planning and strategy-
adjustment layer, where stop/pass patterns may be revised gradually across planning cycles
under incomplete information, heterogeneous local payoffs, and delayed feedback. Under
this interpretation, the evolutionary dynamics represent boundedly rational adaptation in
timetable-related decision-making rather than randomness in train control itself. The main
contributions of this study are as follows:

1. We formulate a station-level evolutionary game for stop/pass interactions between
two consecutive trains under incomplete information and derive the corresponding
non-delayed replicator dynamics.

2. We extend the model to a delayed-feedback setting and analyze how feedback delays
affect equilibrium stability and convergence behavior.

3. We represent infrastructure heterogeneity through two-track and four-track station
scenarios, thereby capturing differences in feasible operational interactions.

4. We conduct numerical simulations to illustrate convergence patterns, oscillatory
behavior, and parameter sensitivity, with emphasis on the operational implications of
delayed information updating and station feasibility constraints.

The proposed framework is intended as a mechanism-oriented analytical model at
the station level. Rather than replacing mature network-level timetable optimization or
real-time rescheduling approaches, it complements them by revealing adaptive interaction
and stability properties that are difficult to capture in static formulations.

2. Evolutionary Game Model for Two-Train Interactions at the Same
Station and on the Same Track

This section develops the evolutionary game model for two consecutive high-speed
trains sharing the same track and platform at a station. One train is the preceding train, and
the other is the following train. Each train chooses between stopping or passing, and their
interactions affect headway feasibility and service ordering. The model captures bounded
rationality and incomplete information using replicator dynamics.
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2.1. Operational Setting and Managerial Motivation

This study focuses on a local station-level train operation management problem
involving two consecutive high-speed trains traveling in the same direction and interacting
at a shared station. At this level, the practical decision of interest is whether each train
should stop or pass at the station, subject to trade-offs among passenger-service benefit,
running-time loss, and headway-related operational feasibility.

The problem considered here is not whole-network timetable generation. Instead,
it is a local interaction problem embedded in timetable planning and adjustment, where
consecutive trains may compete for station resources and for passenger demand associated
with intermediate stops. The operational consequences of one train’s stop/pass decision
can affect the feasible and beneficial actions of the other train, especially when the station
infrastructure is limited.

To capture this practical distinction, the paper considers two representative station
settings. The first is a relatively constrained setting with fewer tracks per direction, corre-
sponding to smaller stations where overtaking and simultaneous stop/pass combinations
are limited. The second is a more flexible setting with richer track resources, corresponding
to larger stations where more combinations of train movements are feasible.

Another key feature of the practical problem is that decisions and responses are not
updated instantaneously. In actual railway operations and planning, information about
demand, conflict outcomes, or operational responses may be observed with delay, and
strategy revision may occur only in periodic planning cycles. For this reason, the paper
models delayed feedback as a lag in payoff observation and strategy updating. Under
this interpretation, the purpose of the proposed framework is to analyze how local train
interaction evolves over time, how delay changes convergence and stability, and what this
implies for timetable robustness at the station level.

Rather than proposing a benchmarked optimization algorithm, this study provides a
modeling and analytical framework for explaining the mechanism through which delayed
feedback affects station-level timetable interactions.

2.2. Non-Delayed Evolutionary Game Model for Same-Track Interactions

It should be noted that the present study is a theoretical and simulation-based anal-
ysis. The results are obtained from equilibrium derivation, local stability analysis, and
numerical simulation of the replicator dynamic system, rather than from sample-based
statistical inference. Therefore, non-parametric tests are not applicable in the present
methodological setting.

2.2.1. Model Assumptions

The non-delayed model assumes the following:
Assumption 1. Each train is a boundedly rational player with incomplete information

about the other train’s payoff. Strategies are updated based on payoff comparisons.
Assumption 2. Both trains follow the same corridor and interact at the same station

using identical infrastructure.
Assumption 3. Trains move in the same direction, and the game focuses on local

interaction at one station.
The main variables used in the same-track two-train interaction model are summarized

in Table 1.
We assume G1 ≥ G2 when the preceding train stops and G2 > G1 if it passes. Headway

losses satisfy C1 > C2.
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Table 1. Variables for the same-track two-train interaction model.

Parameter Meanings

T1 Time loss of the preceding train due to station stop
T2 Time loss of the following train due to station stop
G1 Passenger boarding gain of the preceding train at the station
G2 Passenger boarding gain of the following train at the station
B Equipment wear and crew scheduling cost during station stop
C1 Loss of preceding train in stop–follow pass headway
C2 Loss of following train in stop–follow pass headway
D Efficiency gain from pass operation

2.2.2. Payoff Functions

Consider a two-player evolutionary game between the preceding train and the fol-
lowing train. Each player chooses one of two pure strategies, namely stop or pass. Let
x1 ∈ [0, 1] denote the probability that the preceding train chooses the stop strategy, and let
y1 ∈ [0, 1] denote the probability that the following train chooses the stop strategy. The
corresponding payoff matrix is shown in Table 2.

Table 2. Payoff matrix.

Strategies for Both Sides of the Game
Preceding Train

Stop Pass

following train
stop
pass

G2 − B − T2, G1 − B − T1 G2 − B − T2, D
D−C2, G1 − B− T1 −C1 D, D

2.2.3. Equilibrium Points and Stability

The expected payoff function characterizes the utility accrued by each player under
a given strategy choice. It is determined by the player’s type and the associated strategic
environment. The payoff analysis aims to identify an optimal strategy for each train. An
optimal strategy is defined as the feasible strategy that maximizes expected utility. In this
study, the expected payoff function comprises two components. It includes the expected
payoff of the preceding train and that of the following train. This decomposition captures
their respective strategic choices and their interaction within the timetable framework. For
the preceding train O1, the expected payoff comprises three components: the payoff associ-
ated with the stop strategy, the payoff associated with the pass strategy, and the average
expected payoff. The expected payoff of choosing the stop strategy, which incorporates
passenger boarding gains, time losses, and headway penalties, is given by

fx11 = (G1 − B − T1)y1 + (G1 − B − T − C1)(1 − y1) (1)

For the preceding train O1, the expected payoff consists of the payoff associated with
choosing the stop strategy, the payoff associated with choosing the pass strategy, and the
corresponding average expected payoff.

The expected payoff of choosing the pass strategy is expressed as

fx12 = Dy1 + D(1 − y1) (2)

Accordingly, Equation (3) gives the expected payoff of the preceding train when
choosing the pass strategy.
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The average expected payoff of the preceding train, derived from its mixed strategy
with stopping probability xi, is defined by

fx1 = x1 fx11 + (1 − x1) fx12 (3)

Based on Equations (2) and (3), the average expected payoff of the preceding train
under mixed strategy selection is given by Equation (4).

Expected payoff function of the preceding train O2. The expected payoff function
of the following train mainly consists of three components: the expected payoff when
choosing the stop strategy, the expected payoff when choosing the pass strategy, and the
average expected payoff of the following train.

fy11 represents the expected payoff of the following train when choosing the stop strategy.

fy11 = (G2 − B − T2)x1 + (G2 − B − T2)(1 − x1) (4)

Similarly, for the following train O2, Equation (5) defines the expected payoff when
the stop strategy is selected.

fy12 represents the expected payoff of the following train when choosing the pass strategy.

fy12 = (D − C2)x1 + D(1 − x1) (5)

Equation (6) represents the expected payoff of the following train when the pass
strategy is selected.

fy1 represents the average expected payoff of the following train.

fy1 = y1 fy11 + (1 − y1) fy12 (6)

On this basis, Equation (7) gives the average expected payoff of the following train
under mixed-strategy selection.

The evolutionary game selection mechanism determines the replicator dynamic equa-
tions based on the payoff matrix, which represent the fundamental dynamic model in
evolutionary game theory. These equations can reasonably capture the strategic behavior
and evolutionary trends of boundedly rational participants. For the evolution model of
the non-delayed high-speed train timetable, the replicator dynamic equations describe the
strategy evolution of the preceding and following trains.

Here, x1 = x1(t) and y1 = y1(t) are time-dependent mixed-strategy proportions,
representing the evolving probabilities that the preceding and following trains choose the
stop strategy, respectively. Based on Equations (4) and (7), the replicator dynamic system
for the non-delayed game is written as:

F1(x1, y1) =
dx1

dt
= x1( fx11 − fx1) (7)

F2(x1, y1) =
dy1

dt
= y1( fy11 − fy1) (8)

(1) Equilibrium points of the evolutionary model: After long-term evolution, the
stable equilibrium attained by both participants corresponds to the stable equilibrium
points of the autonomous system defined by the above differential equations. The total
payoffs associated with different strategies generally differ between the two participants.
Building on the concept of an evolutionarily stable strategy (ESS) in evolutionary game
theory, we conduct a differential-equation-based stability analysis. The equilibrium points
Fi(x1, y1) = 0, i = 1, 2 of the evolutionary system for high-speed train scheduling are
determined. The system possesses exactly five equilibrium points, which are as follows:
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A1 = (0, 0), A2 = (0, 1), A3 = (1, 0), A4 = (1, 1) A5 = (
C1 − G1 + T1 + D + B

C1
,

T2 + D + B − G2

C2
).

After a sufficiently long period of evolution, both participants in the game eventually
reach a stable equilibrium state. For each participant, the total payoff obtained by choosing
different strategies generally differs [30]. The corresponding autonomous system of higher-
order differential equations can be expressed as follows:

To examine the local stability of these equilibrium points, we compute the Jacobian
matrix of the replicator dynamic system and evaluate it at each equilibrium point. The
Jacobian matrix is given by.

To study which of these equilibrium points are evolutionarily stable, we evaluate the
Jacobian matrix of the replicator dynamic system at each equilibrium point [31].

d(x1, y1)

dt
= J(x1, y1)(x1, y1)

T (9)

where

J(x1, y1) =

[
∂F1
∂x1

∂F1
∂y1

∂F2
∂x1

∂F2
∂y1

]

=

[
(1 − 2x1)(C1y1 + G2 − B − T2 − C1 − D) x1(1 − x1)C1

y1(1 − y1)C2 (1 − 2y1)(C2x1 + G2 − B − T2 − D)

] (10)

By substituting each equilibrium point into the Jacobian matrix, the local stability
properties can be classified. The corresponding results are summarized in Table 3.

Table 3. Local stability of equilibrium points for the non-delayed game on the same track.

Equilibrium Point Local Stability Result Interpretation

(0, 0) ESS Both trains choose pass
(0, 1) Unstable Preceding train passes; following train stops
(1, 0) Unstable Preceding train stops; following train passes
(1, 1) Unstable Both trains choose stop

(x∗1 , y∗1) Saddle point Interior mixed equilibrium

The analysis shows that the system has a single evolutionarily stable strategy (ESS),
namely (0, 0), which means that the preceding train and the following train both eventually
choose the pass strategy under the parameter setting considered here.

As shown in Table 3, the evolutionarily stable strategy (ESS) of the system is (0, 0).
That is, the preceding train chooses the pass strategy, and the following train also chooses
the pass strategy. The saddle point represents the dynamic equilibrium of the interactions
between the preceding and following trains, reflecting the proportion of each train adopting
the respective strategy in the evolutionary process.

2.3. Delayed-Feedback Evolutionary Game Model

In the delayed feedback evolutionary game, the delayed feedback is incorporated into
the group payoffs of the game, such that the expected intraspecific payoff of the preceding
train at time (t− τ1) and of the following train at time (t− τ2) depends on their interactions
at earlier times. Accordingly, the expected payoff functions of the two participants are
redefined to capture this dynamic effect. Specifically, hx11(t : τ2) and hx12(t : τ2) denote the
delayed expected payoffs of the preceding train, while hy11(t : τ1) and hy12(t : τ1) denote
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the delayed expected payoffs of the following train. Each delayed payoff depends on the
corresponding feedback delay through the lagged state variables.

hx11(t : τ2) = (G1 − B − T1)y1(t − τ2) + [G1 − B − T − C1)(1 − y1(t − τ2)] (11)

hx12(t : τ2) = Dy1(t − τ2) + D[1 − y1(t − τ2)] (12)

hy11(t : τ1) = (G2 − B − T2)x1(t − τ1) + [G2 − B − T2)(1 − x1(t − τ1)] (13)

hy12(t : τ1) = (D − C2)x1(t − τ1) + D[1 − x1(t − τ1)] (14)

The average expected payoff of the preceding train at time t is defined by the current
mixed-strategy proportion together with the delayed payoff evaluation, namely,:

fx1(t) = x1(t)hx11(t) + [1 − x1(t)]hx12(t) (15)

Similarly, the average expected payoff of the following train at time t is:

fy1(t) = y1(t)hy11(t) + [1 − y1(t)]hy12(t) (16)

Payoffs with Delayed Feedback

In the delayed-feedback setting, payoff evaluation is based on lagged strategy informa-
tion rather than instantaneous observation. Specifically, the delayed payoff of the preceding
train depends on the historical strategy of the following train, while the delayed payoff of
the following train depends on the historical strategy of the preceding train. Accordingly,
the delayed expected payoffs are defined in Equations (11)–(14), and the corresponding
average expected payoffs are given by Equations (15) and (16).

Based on these delayed payoff expressions, the explicit delayed replicator dynamic
equations for the preceding and following trains can be written as follows:

dx1(t)
dt

= x1(t)(1 − x1(t))(C1y1(t − τ2)+G1 − B − T1 − C1 − D) (17)

dy1(t)
dt

= y1(t)(1 − y1(t))(C2x1(t − τ1) + G2 − B − T2 − D) (18)

If the delayed system converges to constant equilibrium values x∗1 and y∗1 , then the
lagged terms also converge to the same constants. Therefore, the equilibrium equations
reduce to the same algebraic form as those of the corresponding non-delayed system. This
means that delayed feedback does not change the equilibrium locations, although it may
substantially affect the transient dynamics and stability properties. The effects of delayed
feedback are therefore investigated numerically in the next section.

(2) Equilibrium points of the evolution model: To facilitate the Laplace-transform anal-
ysis of the delayed differential equations, let L{x1(t)} = X1(s) and L{y1(t)} = Y1(s). Using
the derivative property of the Laplace transform, Equations (17) and (18) yield [32–34],

L
{

dx1(t)
dt

}
= sX1(s)− x1(0) (19)

L
{

dy1(t)
dt

}
= sY1(s)− y1(0) (20)

Assuming the initial conditions x(1)(0) = X(1)(0) are sum y(1)(0) = Y(1)(0), the
equation can be transformed into:

sX(1)(s)− X(1)(0) = L{x1(t)(1 − x1(t))(C1y1(t − τ2)+G1 − B − T1 − C1 − D) } (21)
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sY(1)(s)− Y(1)(0) = L{y1(t)(1 − y1(t))(C2x1(t − τ1) + G2 − B − T2 − D) } (22)

To further simplify the equations, the convolution property (21) and the delayed
feedback property (22) of the Laplace transform are applied:

L{ f (t)g(t)} = L{ f (t)} × L{g(t)} (23)

L{ f (t − τ)} = e−τsF(s) (24)

Thus, the Laplace-transformed equations corresponding to (23) and (24) can be rewrit-
ten as:

sX(1)(s)− X(1)(0) = X1
(
s)(1 − X1

(
s))(C1e−sτ2Y1(s)+G1 − B − T1 − C1 − D) (25)

sY(1)(s)− Y(1)(0) = Y1
(
s)(1 − Y1

(
s))(C2e−sτ1 X1(s) + G2 − B − T2 − D) (26)

To discuss the steady-state equilibrium locations, we consider the stationary condition
·

x1(t) = 0 and
·

y1(t) = 0. If the delayed system converges to constant equilibrium values x∗1
and y∗1 , then the lagged terms also converge to the same constants, namely x1(t − τ1) → x∗1
and y1(t − τ1) → y∗1 . Therefore, the equilibrium equations of the delayed system reduce
to the same algebraic form as those of the non-delayed system. This indicates that the
delays do not change the equilibrium locations, although they may significantly affect the
transient dynamics and local stability.

When τ1 = τ2, the delayed-feedback system is symmetric, and the equilibrium loca-
tions remain the same as those in the non-delayed case. When τ1 ̸= τ2, the equilibrium
positions also remain unchanged in the steady-state sense, but the dynamic behavior
becomes more complicated. In particular, the delayed exponential terms appear in the trans-
formed system and may substantially affect the transient evolution and the stability region.

Equations (25) and (26) are only used to explain why the equilibrium positions remain
unchanged under unequal delays. They do not provide a complete analytical stability
proof for the delayed system. Therefore, the stability under delayed feedback is further
investigated numerically in the following section.

2.4. Summary of Simulation Results

This section reports simulation results for the evolutionary game system. All param-
eters are treated as dimensionless. The simulations illustrate strategy evolution under
different delayed-feedback settings. The simulations also test parameter sensitivity. When
the preceding train stops at the station, the relevant parameter variables are as follows:
T1 = 3, T2 = 3, G1 = 5, G2 = 3B = 1, D = 2, C1 = 20, C2 = 16 [35–37].

Assumption1: When τ1 = τ2 = 0, the system corresponds to a non-delayed evolution-
ary model. The simulation results obtained are presented in Figure 1.

As shown in Figure 1, the evolutionary system reaches a steady state regardless of
the initial values of the game participants. The non-delayed high-speed train evolutionary
game model has five equilibrium points: (0, 0), (0, 1), (1, 0), (1, 1) and (x∗, y∗). When
the system reaches this steady state, the strategies of all participants remain unchanged.
Therefore, the influence of system parameters on the stability of the evolutionary system
must be taken into account.

Assumption 2: When τ1 = τ2, the evolutionary game model of the high-speed train
timetable with delayed feedback incorporates additional factors. While the game parame-
ters remain unchanged, the system considers both the non-delayed and delayed feedback
states of the high-speed train timetable. The corresponding two-dimensional and three-
dimensional evolutionary game processes are illustrated in Figure 2.
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Figure 1. Non-delayed evolutionary game diagram: (a) evolutionary game; (b) evolutionary phase
vector diagram.

Figure 2. Two-dimensional evolutionary game diagram: (a) Non-delayed 2D vector; (b) τ11 = 1 2D
vector; (c) τ11 = 2 2D vector; (d) Non-delayed 3D vector; (e) τ11 = 1 3D vector; (f) τ11 = 2 3D vector.

As shown in Figure 2a,d, under the non-delayed condition, the overall evolutionary
trajectory of the system is regular, exhibiting rapid convergence and no signs of oscillatory
or chaotic behavior, indicating strong global stability. In contrast, when delayed feedback is
introduced, the strategies in the evolutionary game model display significant fluctuations,
with the amplitude of these fluctuations positively correlated with the delay parameter.
Further observations from Figure 2a,d reveal that the system trajectory becomes disturbed
and exhibits more complex dynamic behavior; however, it still eventually converges.
This indicates that group decision-making is influenced by information from previous
time points.

The presence of delayed feedback causes a lag in information transmission and feed-
back, thereby increasing the complexity of the system’s dynamic evolution. When the
delayed feedback is further increased to τ11 = 2, the system exhibits increasingly complex
dynamics. As illustrated in Figure 2c,f, the two-dimensional trajectories show pronounced
interweaving and entanglement, while the three-dimensional trajectories reveal stronger
nonlinear characteristics, including slower convergence, intensified oscillations, and un-
predictable convergence paths. This suggests that larger delayed feedback may induce
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multistability, quasi-periodicity, or even chaotic dynamics, thereby undermining the sys-
tem’s original convergence and stability.

The vector field of the evolutionary game for high-speed train operations with delayed
feedback is illustrated in Figure 3.

Figure 3. Two-dimensional and 3D vector-field illustrations: (a) Non-delayed 2D vector; (b) τ = 1;
(c) τ = 2; (d) Non-delayed 3D vector; (e) τ = 1; (f) τ = 2.

As shown in Figure 3, The vector-field plots for the delayed and non-delayed games
are visually identical in both two- and three-dimensional representations. This occurs
because the vector fields are evaluated using only the instantaneous state variables. The
delayed terms are not included as independent variables in the computation. In contrast,
delayed-feedback dynamics depend on historical states. Such history dependence cannot
be shown in these vector plots. The plots only display the instantaneous derivatives at
the current state and therefore omit past-state information. To reveal delay effects, one
can either numerically integrate the delayed system and plot the resulting trajectories,
or augment the model by introducing delay-related variables in a higher-dimensional
phase space.

Assumption 3: When τ1 ̸= τ2, the simulation results of the delayed feedback evolution-
ary game model of the high-speed train timetable, excluding the static case, are presented
in Figure 4.

Numerical simulations depict the evolution of the state variables in the delayed-
feedback evolutionary game system. Different combinations of delay parameters are
examined. (τ1 ̸= τ2), as shown in Figure 4. Both the two- and three-dimensional trajectory
plots reveal that the system is highly sensitive to the magnitudes of the delay parame-
ters. Specifically, when τ1 and τ2 are relatively small, the system rapidly converges to a
stable equilibrium, exhibiting a smooth evolution process and fast convergence rate. In
contrast, larger or markedly asymmetric delay values introduce significant oscillations
and lag during the transient phase, resulting in more complex and nonlinear evolutionary
trajectories. Notably, as shown in Figure 4c,f, the system exhibits pronounced dynamic lag
in its evolutionary trajectory, yet it eventually converges to a stable state.
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Figure 4. τ1 ̸= τ2 Evolution curve: (a) τ1 = 0.5, τ2 = 2; (b) τ1 = 1, τ2 = 1.5; (c) τ1 = 2, τ2 = 1.5;
(d) τ1 = 0.5, τ2 = 2; (e) τ1 = 1, τ2 = 1.5; (f) τ1 = 2, τ2 = 1.5.

These results indicate that delayed feedback does not affect only system stability. It also
plays a critical role in the complexity and responsiveness of strategy adjustment trajectories.
Therefore, when developing evolutionary game models and selecting parameters, the
structural effects of delay should be carefully considered. This is essential for accurately
characterizing the dynamic evolution process.

To examine the influence of different parameters on the stability of the evolutionary
game system, the eigenvalues of the Jacobian matrix were analyzed. The corresponding
simulation results are presented in Figure 5.

As shown in Figure 5, the plots illustrate how variations in the parameters T1, T2, G1

and G2 affect the eigenvalues λ1 and λ2 of the Jacobian matrix in the evolutionary game
system. According to linear stability theory, the real parts of the eigenvalues determine
the stability of the equilibrium points: negative real parts imply local stability, whereas
positive real parts indicate instability. The detailed analyses are as follows.

In Figure 5a, when the parameter T1, varies approximately within the interval [10,20],
the eigenvalue λ1 exhibits pronounced oscillations between positive and negative regions,
while λ2 remains close to zero. This behavior identifies a critical region in which the system
undergoes potential stability transitions. In Figure 5b, when T2 varies within [15,20], the
eigenvalue λ1 shows substantial fluctuations and clearly crosses the zero axis, indicating
that changes in T2 exert a strong influence on the system’s stability properties.

Figure 5c,d demonstrate that the parameters G1 and G2, when approaching specific
threshold values (indicated by dashed circles), induce sensitive variations in the eigenvalue
trajectories. These sensitivity peaks suggest the presence of qualitative stability transitions
associated with these critical parameter regions. Overall, the analysis indicates that the
system’s stability is highly dependent on the parameters T1, T2, G1 and G2, each of which
contributes differently to the onset of instability and potential bifurcation behavior.

In the evolutionary simulation, the revenue for the preceding train’s stop strategy is
kept constant, while the revenue for the following train’s stop strategy is incrementally
increased from 5 to 14. The results of the evolutionary process under these conditions are
shown in Figure 6.
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Figure 5. Impact of parameters on Jacobian eigenvalues: (a) T1; (b) T2; (c) G1; (d) G2.

Figure 6. Effect of stop revenue on evolution: (a) Non-delayed decision-making; (b) τ11 = 1;
(c) τ11 = 2; (d) Non-delayed decision-making; (e) τ11 = 1; (f) τ11 = 2.

Figure 6 illustrates the evolution of the game system under different values of the
parameter, both with and without delayed feedback. In Figure 6a, where decision-making
is no-free, the evolution of the preceding train’s stop strategy (x1) is shown over time for
various values of G1. As G1 increases from 5 to 14, the system reaches equilibrium quicker,
and the dynamics become smoother. In contrast, when delayed feedback is introduced
in Figure 6b,c (τ = 1, and τ = 2), the evolution of x1 becomes more complex, exhibiting
oscillations and slower convergence, especially as G1 increases.
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Figure 6d–f show the corresponding evolution of the following train’s stop strategy (y1)
under the same conditions. The introduction of delays leads to a more gradual convergence
to equilibrium, with more pronounced fluctuations in the system as G1 increases. In all
cases, the final system states indicate that both the preceding and following trains ultimately
reach evolutionary equilibrium, although the process is notably influenced by the delay
and the value of G1.

In summary, the evolution of game strategies is highly influenced by the parameters
τ1 and τ2. Lower values of these parameters lead to faster and smoother convergence to
equilibrium, while higher values tend to introduce oscillations and extend the time required
for stabilization. This analysis provides valuable insights into how different conditions can
impact strategic decision-making within the game.

3. Evolutionary Game Model for Two-Train Interactions on Different
Shared Tracks at the Same Station

“Different shared tracks at the same station” refers to the presence of multiple parallel
tracks that allow trains to operate simultaneously within a station. Trains can be scheduled
to stop or pass on different tracks, which facilitates more efficient management of train
operations and reduces congestion. To ensure smooth operations when two trains use the
same platform at the station, it is necessary to coordinate their movements and schedule
them appropriately to avoid conflicts and optimize overall operational efficiency. The
proposed delayed feedback evolutionary game model captures these interactions and
coordination dynamics, enabling the analysis of scheduling strategies and their impact on
timetable robustness and operational performance.

3.1. Non-Delayed Evolutionary Game Model for Different Shared-Track Interactions
3.1.1. Underlying Assumptions of the Model

The train game model for different trajectories at the same station refers to the scenario
in which two trains occupy different tracks when the preceding and following trains pass
through the same station. The model assumptions are as follows:

Assumption 1: The game participants are the operators of two trains with bounded
rationality, meaning that one participant lacks complete information about the other’s
payoff function. Throughout the game, each participant seeks to maximize their benefit
while minimizing their cost.

Assumption 2: The tracks of the two high-speed trains are different, with a minimum
of two tracks available in the same direction on the Shanghai–Hangzhou line.

Assumption 3: The game considers the interactions between the preceding and follow-
ing trains traveling in the same direction at the station. If both the preceding and following
trains stop at the same station, the revenue will decrease.

3.1.2. Construction of the Payoff Matrix

Based on the assumptions and the parameter settings in Table 4, and following a
comprehensive analysis, a game model is proposed for the selection behavior of the pre-
ceding and following trains in the high-speed train system. The payoff set is denoted by
Fy =

{
Fx2 , Fy2

}
, where Fx2 and Fy2 represent the expected payoff functions of the preceding

and following trains, respectively.
Based on these definitions, Table 5 presents the payoff matrix corresponding to the

strategy choices of the preceding and following trains in high-speed train scheduling.
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Table 4. Variables.

Parameter Parameters Represent Meanings

T3 Loss of time spent by the preceding train at the station
T4 Loss of time spent by the following train at the station
G3 Revenue from the stop of the preceding train and the passengers boarding
G4 Revenue from the stop of the following train and the passengers boarding

Table 5. Payoff matrix of both sides of the game.

Strategies for Both Sides of the Game
Preceding Train

Stop Pass

following train stop G4−B−T4
2 , G3−B−T3

2 G4 − B − T4, D
pass D, G3 − B − T3 D, D

3.1.3. Evolutionary Equilibrium of the Model

(1) Expected payoff function of the preceding train O3. fx2 represents the average
expected payoff of the preceding train.

fx2 = x2 fx21 + (1 − x2) fx22 (27)

(2) Expected payoff function of the following train O4. fy2 represents the average
expected payoff of the following train.

fy2 = y2 fy21 + (1 − y2) fy22 (28)

3.1.4. Stability Analysis of the Equilibrium Point

(1) Replicator dynamic equations for the evolutionary model. From Equations (27) and (28),
the replicator dynamic system for the selection strategies of the preceding and following
trains is represented by the differential equations with respect to x2 and y2 as follows:

Fx2(x2, y2) =
dx2

dt
= x2(1 − x2)[−

y2(G3 − B − T3)

2
+ G3 − B − T3 − D] (29)

Fy2(x2, y2) =
dy2

dt
= y2(1 − y2)[−

x2(G4 − B − T4)

2
+ G4 − B − T4 − D] (30)

(2) Equilibrium point of the evolutionary model: The equilibrium points of the high-
speed train timetable evolution system are determined, with the system having only five
equilibrium points, namely: (0, 0), (0, 1), (1, 0), (1, 1), (x∗2 , y∗2).

After a prolonged period of evolution, both sides of the game reach a stable equilibrium
state. For each side, the total payoff obtained from different strategies generally varies. The
Jacobian matrix is given by:

J(x∗2 , y∗2) =

[
∂F3
∂x2

∂F3
∂y2

∂F4
∂x2

∂F4
∂y2

]

=

[
(1 − 2x2)((− y2(G3−B−T3)

2 + G3 − B − T3 − D)) −x2(1 − x2)
G3−B−T3

2

y2(1 − y2)
G4−B−T4

2 (1 − 2y2)(− x2(G4−B−T4)
2 + G4 − B − T4 − D)

] (31)

As shown in Table 6, the non-delayed game on different shared tracks has two evo-
lutionarily stable strategies, namely (0, 1) and (1, 0). These two stable outcomes indicate
asymmetric stop/pass coordination between the preceding and following trains when
richer station-track resources make more operational combinations feasible. The interior
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equilibrium point is a saddle point and therefore does not represent a stable long-run
outcome.

Table 6. Local stability check of equilibrium point.

Equilibrium Point Local Stability Result Interpretation

(0, 0) Unstable Both trains choose pass

(0, 1) ESS Preceding train chooses pass;
following train chooses stop

(1, 0) ESS Preceding train chooses stop;
following train chooses pass

(1, 1) Unstable Both trains choose stop

(x∗2 , y∗2) Saddle point Saddle point | Interior
mixed equilibrium

3.2. Evolutionary Game Model with Delayed Feedback

In the delayed-feedback setting, payoff evaluation is based on lagged strategy informa-
tion rather than instantaneous observation. Specifically, the delayed payoff of the preceding
train depends on the historical strategy of the following train, while the delayed payoff of
the following train depends on the historical strategy of the preceding train. Under this
setting, the strategy adjustment process is governed by delayed replicator dynamics.

Based on the non-delayed dynamics in Equations (29) and (30), the delayed replicator
dynamic equations for the two-train interaction on different shared tracks can be written as:

dx2(t)
dt

= x2(t)(1 − x2(t))[−
y2(t − τ2)(G3 − B − T3)

2
+ G3 − B − T3 − D] (32)

dy2(t)
dt

= y2(t)(1 − y2(t))[−
x2(t − τ1)(G4 − B − T4)

2
+ G4 − B − T4 − D] (33)

Equations (32) and (33) indicate that the current strategy adjustment of each player de-
pends on the current mixed-strategy proportion together with payoff information evaluated
from delayed observations. Therefore, delayed feedback preserves the general algebraic
structure of the replicator dynamics.

Similar to the analysis in Section 2, the steady-state equilibrium locations of the
delayed system remain unchanged, whereas the transient behavior and stability may vary
substantially with the delay parameters:

sX2(s)− X2(0) = X2(s)(1 − X2(s))(−
(G3 − B − T3)

2
e−sτ4Y2(s) + G3 − B − T3 − D) (34)

sY2(s)− Y2(0) = Y2(s)(1 − Y2(s))(−
(G4 − B − T4)

2
e−sτ3 X2(s) + G4 − B − T4 − D) (35)

When τ3 = τ4, the delayed system is symmetric in terms of feedback structure, and
the equilibrium locations remain the same as in the non-delayed case. When τ3 ̸= τ4, the
equilibrium positions still remain unchanged in the steady-state sense, but the dynamic
behavior becomes more complicated. For this reason, the influence of delayed feedback on
the system evolution is further examined numerically in the next subsection.

3.3. Analysis of Simulation Results

In the simulation experiments, numerical integration is used to evaluate the evolution-
ary dynamics of the proposed delayed-feedback model. The relevant parameter values
are set as T3 = 3, T4 = 3, G3 = 5, G4 = 8. Under the condition τ3 = τ4 = 0, the system
reduces to the corresponding non-delayed evolutionary model. The resulting evolutionary
trajectories are illustrated in Figure 7.
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Figure 7. Non-delayed evolutionary game diagram: (a) evolutionary game stability point; (b) evolu-
tionary phase vector diagram.

As shown in Figure 7, the system converges to a stable state for all initial conditions,
indicating that the evolutionary dynamics are globally stable in the absence of delayed
feedback. The stability points of the non-delayed model include (0, 0), (0, 1), (1, 0), (1, 1),
and the interior equilibrium point (x∗, y∗). Once equilibrium is reached, the strategic
choices of both trains remain invariant, demonstrating the robustness of the system to
variations in initial strategy distributions.

When τ3 = τ4 = τ12 ̸= 0, the evolutionary game incorporates delayed feedback effects.
Although the game parameters remain unchanged, the system now reflects both delayed
and non-delayed components of train interactions. The corresponding two-dimensional
and three-dimensional evolutionary processes exhibiting these effects are presented in
Figure 8.

Figure 8. Evolutionary game diagram: (a) Non-delayed; (b) τ12 = 1; (c) τ12 = 2; (d) Non-delayed;
(e) τ12 = 1; (f) τ12 = 2.

As shown in Figure 8, compared to the evolution phase diagram of the non-delayed
game, the strategy of the delayed feedback evolutionary game model exhibits more pro-
nounced fluctuations, with the amplitude of these fluctuations being proportional to the
delay parameter. Group decision-making is influenced by information from a previous
time point, and the existence of time lag causes delays in information transmission and
feedback, leading to more complex dynamic behavior.
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Assumption 3: τ3 ̸= τ4. The evolutionary game of the high-speed train timetable with
delayed feedback does not consider the impact of varying delayed feedback on system
stability in the static case. The simulation results are shown in Figure 9.

Figure 9. τ3 ̸= τ4 Evolution curve: (a) τ3 = 1, τ4 = 4; (b) τ3 = 2, τ4 = 4; (c) τ3 = 6, τ4 = 4;
(d) τ3 = 1, τ4 = 4; (e) τ3 = 2, τ4 = 4; (f) τ3 = 6, τ4 = 4.

For the cases τ3 = 1, 2, 6 and τ4 = 4, Figure 9 illustrates the dynamic response
characteristics of the evolutionary game system under different delayed feedback parameter
configurations. Analysis of the three-dimensional trajectories and the corresponding two-
dimensional evolution curves reveals that the critical influence of the delay parameter τ3

on system stability is evident.
When τ3 = 1, the system converges rapidly to a stable equilibrium, and the state

variables x2, y2 and the output z exhibit smooth transitions with minimal fluctuations,
indicating strong robustness and high dynamic responsiveness under a small delay.

When τ3 = 2, the system remains stable but converges slower, and noticeable transi-
tional layering appears in the evolution of y2 reflecting increased sensitivity to delay effects.

In contrast, when τ3 = 6, the system displays pronounced nonlinear amplification,
and the trajectory in the z-dimension becomes substantially more complex. Although
x2 and y2 eventually converge, the intermediate stages show considerable fluctuation,
suggesting that once the delayed feedback parameter surpasses a critical threshold, the
system tends toward instability and exhibits characteristics of local chaotic behavior. These
results highlight the high sensitivity of the evolutionary dynamics to variations in the
delayed feedback parameter.

In summary, as τ3 increases, the system evolves from steady operation toward a state
of marginal instability, highlighting the importance of appropriately controlling delayed
feedback parameters to ensure the dynamic stability of high-speed railway scheduling
systems. These findings provide practical insights for optimizing train timetables under
delayed feedback conditions and enhancing the utilization efficiency of rail infrastructure.

The influence of the value ranges of parameters T3 and T4 on the evolutionary game
system is shown in Figure 10.
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Figure 10. Impact of parameters on Jacobian eigenvalues: (a) T3; (b) T4.

Figure 10 illustrates the system’s evolutionary trajectories under varying parameter
configurations, specifically focusing on the parameters T3 and T4, which correspond to the
payoff sensitivities or strategic inclinations within the modeled interaction framework. The
two subplots respectively depict the dynamics related to the probability of stop for the
preceding train in Figure 10a and the following train in Figure 10b.

Influence on the preceding train’s strategic evolution: In Figure 10a, the magenta
curve (tr1) responds actively to changes in parameter T3, showing a clear upward trend
after a brief initial oscillation phase. The early fluctuations, magnified in the inset, indicate
a period of local instability or transient sensitivity when T3 falls within a narrow range
(approximately 3 to 6). Beyond this interval, the system stabilizes, and the strategy asso-
ciated with tr1 strengthens monotonically, suggesting that higher values of T3 reinforce
the preceding train’s inclination toward the stop strategy. In contrast, the cyan curve (tr2)
remains flat, indicating that its corresponding strategy is largely unaffected within the
examined parameter space.

Influence on the following train’s strategic evolution: In Figure 10b, the behavior of
the curves in response to varying T4 exhibits a mirrored trend. The cyan trajectory (tr1)
becomes the dominant rising component, implying that increasing T4 primarily promotes
the stop strategy of the following train. The inset reveals a narrow instability window
around T4 ∈ [4, 8], during which both strategies exhibit competitive fluctuations. On the
other hand, the magenta curve (tr2) stabilizes quickly and remains at a relatively low level,
reinforcing the asymmetry in strategic activation compared to Figure 10a.

The results reveal that the values of T3 and T4—referred to as T3 and T4—have distinct
effects on the evolutionary behavior of the preceding and following trains. Specifically,
each parameter acts as a selective amplifier for a particular strategic behavior, driving
convergence in the strategy of one train while leaving the other relatively unchanged. This
asymmetry highlights the sensitivity of the evolutionary outcomes to the heterogeneity of
the payoff structure, suggesting that targeted adjustments to these parameters could serve
as effective leverage points for influencing system-level behavior.

(1) When the payoff of the following train is low, the preceding train is more inclined
to the strategy of passing, while the stop probability of the following train remains
unchanged, so the number of games increases. In the end, both sides choose to pass,
and equilibrium is reached.

(2) When the revenue of the following train for stopping increases, the following train is
more inclined to the stop strategy. In this case, while the preceding train still favors
passing, the increase in the stop decision of the following train leads both sides to
evolve into equilibrium, and eventually both parties choose to stop.
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(3) When the stop revenue of the following train further increases, the preceding train
is more inclined to the stop strategy. Due to the increase in the stop income of the
following train, it becomes easier for the preceding train to reach an equilibrium state,
while the following train still chooses to pass.

The following optimization measures are proposed based on the above three findings:

(1) Recalibrate stop-revenue incentives for the following train. Increase the stopping
benefit of the following train when intermediate demand is high. This change shifts
the system toward a stable stopping pattern. It can reduce unnecessary passing. It
can shorten convergence time. It can also reduce oscillation amplitude.

(2) Use stability-based parameter tuning. Estimate stability margins near the equilibrium.
Use the Jacobian eigenvalues as a local indicator. Avoid parameter ranges where
eigenvalues cross zero. This rule reduces the risk of instability. It also lowers the
probability of persistent oscillations.

(3) Apply scenario-dependent incentive schedules. Define incentive levels by scenario.
Use peak/off-peak and station-type as triggers. Use higher stop incentives at con-
strained stations when overtaking is infeasible. Use moderate incentives at flexible
stations. This policy reduces switching frequency. It also improves feasibility consistency.

(4) Introduce a bounded online adjustment rule. Update incentives and strategy pa-
rameters using rolling operational data. Use demand, congestion, and headway
feasibility measures. Limit the update step size. Limit the update frequency. This
design prevents overreaction. It reduces oscillation under delayed feedback.

(5) Deploy a decision-support controller with safety constraints. Combine the game
model with learning-based prediction. Use reinforcement learning for demand and
response estimation. Keep the evolutionary-game equilibrium as a constraint. The
controller outputs stop/pass recommendations. It also warns when the system enters
an unstable region.

(6) Model delayed feedback explicitly and calibrate it. Treat delayed feedback as a mea-
surable parameter. Estimate it from planning cycles and information latency. Use it in
simulation before policy deployment. Choose incentives that keep trajectories conver-
gent under the estimated lag. This step improves robustness to delayed feedback.

4. Numerical Experiments and Result Analysis
4.1. Experimental Settings

To examine the dynamic properties of the proposed evolutionary game model and
its applicability to stop/overtaking decisions in high-speed railway operations, numerical
experiments are conducted based on the Shanghai–Hangzhou High-Speed Railway. The
simulation scenarios are constructed by incorporating timetable standards, train-type
composition, stopping patterns, and operational disturbances.

Trains are divided into two categories: 350-class trains and 250-class trains. According
to the available timetable standard data, the 350-class trains adopt the through-running time
associated with the highest speed level, while the 250-class trains use the through-running
time corresponding to 250 km/h. The end-to-end basic running time is approximately
41.03 min for 350-class trains and 45.08 min for 250-class trains, which captures the efficiency
difference between the two train classes.

In terms of stopping structure, Jiaxing South Station is defined as the major stop, with
an additional stopping time of 180 s, while all other intermediate stations are treated as
minor stops, each with an additional stopping time of 90 s. The stopping probability at
Jiaxing South is set to 1, meaning that all trains stop there.

For the weekday off-peak scenario, the average departure headway is set to 240 s,
the safe tracking interval to 180 s, and the mean and standard deviation of the initial
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disturbance to 30 s and 20 s. For the holiday peak scenario, the average departure headway
is reduced to 240 s, while the safe tracking interval remains 240 s; the mean and standard
deviation of the initial disturbance increase to 90 s and 45 s, the feedback delay parameter
is set to 3, the delay penalty coefficient to 2.5, and the conflict penalty coefficient to 4.0. The
definitions and values of all parameters are listed in Table 7.

Table 7. Parameter Definitions and Values.

Parameter Symbol Meaning Weekday
Off-Peak

Holiday
Peak Basis

Total number of
trains N Total number of trains

in the scenario 120 180 Scenario setting

Number of G trains N350
Number of 350-class

trains 100 150 Fixed by 5:1 ratio

Number of D trains N250
Number of 250-class

trains 20 30 Fixed by 5:1 ratio

Average headway H Planned headway
between adjacent trains 360 s 240 s

Reflects
off-peak/peak

difference
Mean initial
disturbance µd

Mean value of initial
train delay 30 s 90 s Disturbance setting

Feedback delay τ
Lag periods used in
strategy updating 1 3 Model setting

Replicator step size α
Updating speed of
strategy proportion 0.22 0.18 Model setting

Delay penalty
coefficient β

Strength of delay
penalty in payoff

function
1.5 2.5 Scenario setting and

sensitivity analysis

Conflict penalty
coefficient γ

Strength of conflict
penalty in payoff

function
2.0 4.0 Scenario setting and

sensitivity analysis

Additional time
at stop Tb

Extra stopping time at
Jiaxing South 180 s 180 s Station hierarchy

setting

The payoff function incorporates delay loss, conflict cost, additional stopping time, and
time corrections for different train classes under different strategies, thereby capturing the
trade-off between efficiency and stability in stop/overtaking decisions on high-speed railways.

4.2. Simulation Result Analysis

The simulation results reveal clear differences between the weekday off-peak and
holiday peak scenarios in both strategy evolution and operational performance.

Figure 11 shows the evolution of the pass/overtaking strategy proportion. Under
the weekday off-peak scenario, the strategy proportion changes smoothly and reaches
a stable state within relatively few iterations. This suggests that when train density is
lower, headways are longer, and disturbances are weaker, the system is more likely to
form a stable stop/overtaking strategy structure. In contrast, the holiday peak scenario
exhibits stronger fluctuations and slower convergence, indicating that strategy adjustment
becomes more complex under high-density operating conditions and that the system is
more sensitive to disturbances and delayed feedback.
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Figure 11. Evolution of the pass strategy proportion.

Figure 12 presents the evolution of total delay and average delay, respectively. In the
weekday off-peak scenario, both indicators remain relatively low and gradually stabilize. In
the holiday peak scenario, however, both total delay and average delay increase significantly.
This indicates that as the number of trains increases, headways are compressed, and initial
disturbances intensify, delays become more likely to accumulate and propagate through
the train sequence. The increase in average delay further suggests that not only overall
system delay rises, but the operational quality of individual trains also deteriorates in the
peak scenario.

Figure 12. Evolution of total and average delay: (a) evolution of total delay, (b) evolution of
average delay.

Figure 13 illustrates the variation in conflict cost. In the weekday off-peak scenario,
conflict cost remains low and stable, suggesting that train interactions are relatively mild
and that the system can absorb local disturbances effectively. By contrast, the holiday
peak scenario shows substantially higher and more volatile conflict cost, indicating that
more trains and shorter headways make operational conflicts more likely, while the higher
conflict penalty amplifies their impact on system performance.

Figure 14 compares the final operational indicators under the two scenarios. The
holiday peak scenario shows higher total delay, higher average delay, and higher conflict
cost than the weekday off-peak scenario, while the final proportion of the pass/overtaking
strategy is also typically higher. This suggests that under peak conditions, the system tends

https://doi.org/10.3390/app16104721

https://doi.org/10.3390/app16104721


Appl. Sci. 2026, 16, 4721 23 of 28

to increase the use of pass/overtaking strategies to reduce delay and improve throughput,
although this comes at the expense of higher conflict risk.

Figure 13. Evolution of conflict cost.

Figure 14. Comparison of final operational indicators.

Figure 15 further compares the final strategy payoffs. In the weekday off-peak scenario,
the payoff difference between the two strategies is relatively small, indicating that both
strategies remain viable under normal operating conditions. In the holiday peak scenario,
the payoff difference becomes more pronounced, suggesting that high-density operation
amplifies the effect of strategy choice on system performance.

Figure 15. Comparison of final strategy payoffs.

Overall, the proposed model captures the dynamic evolution of stop/overtaking
decisions under different operating intensities reasonably well. Under off-peak conditions,

https://doi.org/10.3390/app16104721

https://doi.org/10.3390/app16104721


Appl. Sci. 2026, 16, 4721 24 of 28

the system more easily reaches a stable strategy structure, with lower delay and conflict
cost. Under peak conditions, delay, conflict, and strategy fluctuations all become more
pronounced, implying that high-density operation places greater demands on dispatching
coordination and feedback efficiency. These results provide scenario-based simulation
evidence for the explanatory capability of the proposed framework.

4.3. Sensitivity Analysis

To examine the robustness of the model conclusions and the influence of key param-
eters on strategy evolution, a joint sensitivity analysis is conducted on three parameters:
feedback delay, delay penalty coefficient, and conflict penalty coefficient. These parameters
correspond to dispatching responsiveness, preference for operational efficiency, and safety-
related constraints, respectively, and play a central role in shaping the evolution process
and outcomes.

The feedback delay parameter reflects the lag in information transmission and state
feedback. As this parameter increases, strategy updating relies more heavily on earlier pay-
off information, making it harder for the system to respond promptly to current operating
conditions. The results show that under the weekday off-peak scenario, a smaller feedback
delay is associated with smoother strategy evolution and faster convergence, whereas
under the holiday peak scenario, a larger feedback delay leads to stronger fluctuations
and slower convergence. This indicates that high-density operation is more sensitive to
information lag, and that greater delay in feedback tends to intensify strategy oscillation
and delay propagation.

The delay penalty coefficient reflects the importance attached to train delay. A larger
value means that delay is penalized more strongly in the payoff function, encouraging the
system to reduce running time and suppress delay. In this study, the coefficient is set to 1.5
for the weekday off-peak scenario and 2.5 for the holiday peak scenario. The results suggest
that a stronger delay penalty tends to increase the proportion of the pass/overtaking
strategy, especially under peak conditions. This implies that when train density is higher
and disturbances propagate more rapidly, the system becomes more inclined to pursue
operational efficiency. However, if delay reduction is weighted too heavily, the system may
become overly aggressive, thereby increasing the risk of tracking conflicts.

The conflict penalty coefficient reflects the importance attached to operational conflict
and safety margin. A larger value means that insufficient headway and intensified resource
competition are penalized more strongly. In this study, the coefficient is set to 2.0 for the
weekday off-peak scenario and 4.0 for the holiday peak scenario. The simulation results
show that increasing the conflict penalty strengthens the restraint on aggressive overtaking
strategies and makes conflict cost more influential in determining strategy payoff. In other
words, a higher conflict penalty helps limit the risk expansion caused by an excessive
pursuit of throughput under peak conditions, although an overly strong penalty may also
make the system too conservative and increase the time loss associated with stopping
and yielding.

Taken together, feedback delay, delay penalty, and conflict penalty jointly shape
the balance between efficiency and stability. Feedback delay mainly affects stability and
convergence speed, the delay penalty mainly affects the preference for efficiency, and
the conflict penalty mainly affects the emphasis on safety margin and operational order.
Compared with the weekday off-peak scenario, the holiday peak scenario is more sensitive
to changes in these parameters, indicating that high-density operation requires more refined
parameter settings and more efficient feedback mechanisms. These findings further support
the applicability of the proposed model to dynamic stop/overtaking decision analysis on
high-speed railways.
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It should be noted that the numerical experiments in this chapter mainly aim to
examine the dynamic evolution characteristics and scenario adaptability of the proposed
model. The experiments are designed to show how stop/overtaking strategies evolve under
different operating intensities, rather than to provide a direct superiority comparison with
existing dispatching methods. Therefore, the results should be interpreted as supporting
the rationality and explanatory capability of the proposed evolutionary game perspective.
A systematic benchmark comparison will be conducted in future research once comparable
benchmark settings and consistent evaluation indicators are established.

5. Discussion
The present study developed an evolutionary game model with feedback delay to

describe stop/overtaking decisions in high-speed railway operations and examined its
behavior through scenario-based simulations on the Shanghai–Hangzhou High-Speed
Railway. The results suggest that the proposed framework can capture the dynamic
interactions among operational disturbance, strategy adjustment, and conflict propagation
under different traffic conditions.

A main implication of this study is that stop/overtaking decisions should not be
viewed as purely static choices. In practical operations, such decisions are continuously
affected by delay transmission, train heterogeneity, stopping patterns, and the timeliness
of dispatching information. In this context, the evolutionary game framework provides
a suitable representation of how strategy proportions may evolve over time rather than
being fixed a priori. This feature is particularly relevant under dense traffic conditions,
where local disturbances are more likely to spread and where dispatching decisions need
to be repeatedly adjusted in response to changing system states.

The simulation results further indicate that the model output is sensitive to operational
intensity. Under the weekday off-peak scenario, the strategy evolution tends to be smoother,
and the corresponding delay and conflict cost remain at relatively low levels. By contrast,
under the holiday peak scenario, the system exhibits stronger fluctuations, higher delay,
and greater conflict cost. This difference is consistent with the basic characteristics of high-
speed railway operations: when train volume increases and headways are compressed,
the operating system becomes more vulnerable to disturbance propagation and conflict
accumulation. Therefore, although the current analysis is simulation-based, the model
appears capable of reflecting meaningful differences between low-density and high-density
operating environments.

Another important finding is the role of key parameters in shaping system behavior.
The sensitivity analysis shows that feedback delay, delay penalty, and conflict penalty all
have a clear influence on the evolution outcome. A larger feedback delay slows convergence
and amplifies oscillation, indicating the importance of timely dispatching information. A
larger delay penalty strengthens the system preference for efficiency-oriented strategies,
whereas a larger conflict penalty restrains overly aggressive strategy shifts and highlights
the role of safety-related constraints. These results imply that the model is not driven by
a single fixed parameter setting, but rather responds to parameter variation in a logically
consistent manner.

It is important to clarify the intended positioning of this study. The proposed frame-
work is not presented as a new dispatching algorithm that has been proven to outperform
all existing methods. Instead, it is intended as an alternative and complementary analytical
perspective for understanding stop/overtaking decisions under incomplete information
and delayed feedback. The main value of the model lies in its ability to describe the adap-
tive evolution of strategy proportions, the stability implications of delayed feedback, and
the interaction between efficiency-oriented and conflict-constrained decisions. In this sense,
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the present study focuses on mechanism explanation and dynamic interpretation rather
than on comprehensive benchmark superiority.

At the same time, several limitations should be acknowledged. First, although the
parameter settings were selected with reference to line characteristics and operational
logic, some of them remain assumption-based and have not yet been calibrated using
large-scale real dispatching data. Second, because the present study is positioned as a
mechanism-oriented and simulation-based analysis, it mainly focuses on the rationality, in-
terpretability, and scenario adaptability of the model output. A strict empirical comparison
with alternative dispatching approaches is therefore beyond the scope of the current work
and will be addressed in future research. Third, the current framework considers only two
train-speed classes and a simplified stopping structure. Additional practical factors, such as
station capacity, section capacity fluctuations, passenger transfer demand, and bidirectional
interactions, were not incorporated and should be addressed in future work.

Overall, the study contributes to the literature by introducing an evolutionary game
perspective into the analysis of stop/overtaking decisions on high-speed railways. The
results suggest that this perspective can provide a useful dynamic description of strategy
adjustment under disturbance. From an application viewpoint, the model may serve as
a basis for further studies on data-driven calibration, comparative evaluation, and more
refined dispatching support models.

6. Conclusions
This study proposed an evolutionary game model with feedback delay for

stop/overtaking decisions in high-speed railway operations and applied it to numerical
experiments based on the Shanghai–Hangzhou High-Speed Railway. The main conclusions
can be summarized as follows.

First, the proposed model can describe the dynamic adjustment of stop/overtaking
strategy proportions under disturbed operating conditions. Compared with static decision
formulations, the model explicitly incorporates payoff differences, delayed feedback, and
conflict effects, making it more suitable for representing the adaptive nature of dispatching
decisions in high-density railway operations.

Second, the simulation results show clear differences between the weekday off-peak
and holiday peak scenarios. Under the weekday off-peak scenario, the system reaches a
relatively stable strategy structure more easily, and total delay, average delay, and conflict
cost remain comparatively low. Under the holiday peak scenario, increased train volume,
reduced headway, stronger disturbance, and larger feedback delay lead to more pronounced
strategy fluctuations and significantly higher delay and conflict cost. These findings
indicate that stop/overtaking decisions are closely related to both transport efficiency and
operational stability, especially under dense traffic conditions.

Third, the sensitivity analysis confirms that feedback delay, delay penalty, and conflict
penalty are critical parameters affecting the evolution results. Feedback delay mainly
influences convergence speed and oscillation intensity, the delay penalty mainly affects
the preference for efficiency-oriented strategies, and the conflict penalty mainly affects
the emphasis placed on safety and operational order. The holiday peak scenario is more
sensitive to these parameter changes, suggesting that efficient feedback mechanisms and
refined parameter settings are particularly important under high-density operations.

In summary, the results suggest that the proposed evolutionary game model provides
a reasonable and interpretable framework for analyzing stop/overtaking decisions in
high-speed railway systems. It should be emphasized that the current study does not
aim to establish comprehensive superiority over existing dispatching, rescheduling, or
optimization-based approaches. Rather, the proposed model should be regarded as an
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alternative analytical perspective that helps explain how stop/overtaking strategies evolve
under disturbance, incomplete information, and delayed feedback. Future research will
further extend this work by calibrating the model with real dispatching data, incorporating
additional operational constraints, and conducting systematic benchmark comparisons
with recent rule-based, heuristic, learning-based, and optimization-based methods under
unified simulation settings.
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