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Virtual Coupled Train Sets (VCTS) achieve cooperative operation through inter-train communication; however,
under real-world operating conditions, multi-source operational risks pose significant challenges to coordination and
safety. To address this issue, this paper proposes a multi-layer risk-aware reference generation and control framework
for VCTS to enhance the operational safety of train formations. Within this framework, VCTS is abstracted as
a leader–follower train structure, and the multi-source risks faced by the following train are categorized into
leader-train system-level risk, environmental risk, and communication risk. Specifically, the leading train employs a
Bilateral Cumulative Sum (Bi-CUSUM)-based module to predict its system-level risk and transmit it to the following
train. The following train then integrates the leader’s system-level risk, onboard-perceived environmental risk,
and communication risk using a fuzzy logic approach based on the analytic hierarchy process (AHP), resulting
in a comprehensive risk assessment index. Based on this index, a dynamically generated, risk-adaptive target
speed serves as the reference for a receding-horizon Model Predictive Control (MPC) scheme, enabling safe and
conservative longitudinal behavior under dynamic operating conditions. Simulation results demonstrate that the
proposed framework is capable of providing safe and robust control performance under elevated risk conditions.
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1. Introduction

The rapid growth of urbanization leads to increas-
ing demands on rail transit systems for higher
transport capacity, improved energy efficiency,
and enhanced operational flexibility. To address
these requirements, Virtual Coupled Train Sets
(VCTS) have emerged as a promising train oper-
ation paradigm Xun et al. (2022). Unlike conven-
tional mechanical coupling, VCTS enable multi-
ple trains to operate cooperatively in a platoon
with reduced inter-train headways through dedi-
cated inter-train communication and cooperative
control strategies. This virtual coupling mecha-
nism supports dynamic coupling and decoupling
during operation, thereby improving line capacity
and service frequency.
A fundamental prerequisite for safe and effi-

cient VCTS operation is the reliability of inter-
train information exchange. Accurate state per-

ception and synchronized control are essential to
maintain ultra-close following distances while en-
suring operational safety. However, in practical
operating environments, the following train is sub-
ject to multi-source operational risks, which may
significantly affect state awareness and decision-
making, thereby posing challenges to the safe and
coordinated operation of train formations.
Existing cooperative control methods for virtu-

ally coupled trains have made significant progress
in improving longitudinal coordination and safety
by leveraging inter-train communication and
distributed control architectures. Representative
studies include distributed nonlinear cooperative
control under moving block systems Ning et al.
(2018), robust and constrained model predictive
control frameworks Felez et al. (2022); Su et al.
(2022), as well as cooperative collision-avoidance
control strategies Su et al. (2022). These ap-
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proaches demonstrate improved performance in
handling disturbances, model uncertainties, and
actuator limitations through robust or constraint-
aware control designs Zhu et al. (2024).
Despite these advances, most existing meth-

ods implicitly assume the availability of timely
and accurate leader-state information transmit-
ted over reliable communication links, ensuring
continuous observability of the leader’s motion.
In realistic virtual coupling scenarios, stochastic
communication degradation and observation un-
certainty can significantly impair state awareness.
More importantly, the resulting risk conditions are
rarely modeled explicitly or integrated into con-
trol decision-making, leaving cooperative control
strategies largely decoupled from real-time risk
assessment and potentially compromising safety
and performance.
To address this challenge, this paper pro-

poses a risk-aware safety control framework
that integrates multi-source risk perception with
a receding-horizon Model Predictive Control
(MPC) scheme. Multi-source risks associated
with the leading train’s system-level condition,
environmental disturbances, and communication
quality are fused into a unified risk assessment
index using a fuzzy logic scheme. This index
is used to generate a conservative, risk-adaptive
target speed, which serves as the reference for
the MPC controller to regulate the longitudinal
motion of the following train. In this way, safety
considerations are explicitly incorporated while
maintaining smooth and accurate speed tracking
performance. Simulation results under elevated
risk levels demonstrate that the proposed frame-
work provides safe and robust longitudinal control
for virtually coupled train operations.

2. Model Construction

2.1. Train Dynamics Model

The longitudinal motion of the following train
is modeled as a single-point mass system in the
discrete-time domain. According to Newton’s sec-
ond law, the longitudinal acceleration of the train
at time step i is given by

ai =
1

m

(
ui − r(vi)−mg sin

(
θ(xi)

))
(1)

wherem denotes the equivalent mass of the train,
ui represents the traction force, vi is the train
speed, and θ(xi) denotes the track gradient at
position xi.
The basic running resistance r(vi) is described

by the Davis equation:

r(vi) = a+ bvi + cv2i (2)

where a, b, and c are the coefficients correspond-
ing to rolling resistance, viscous resistance, and
aerodynamic drag, respectively.
The longitudinal kinematic variables of the

train, including position, speed, and acceleration,
are consolidated into a state vector

ki = (xi, vi, ai)
� (3)

Using a forward Euler discretization scheme,
the train dynamics can be expressed as[

xi+1

vi+1

]
=

[
xi

vi

]
+ dt

[
vi
ai

]
(4)

where dt denotes the sampling interval.
Accordingly, Eqs. (1)–(4) can be compactly

written in the following state-space form:

ki+1 = f(ki, ui) (5)

2.2. System Configuration of the Virtual
Coupling Train System

To focus on the core control strategy, the VCTS
architecture is abstracted into a simplified leader–
follower configuration, as illustrated in Fig. 1. The
system consists of two primary units: the leading
train (Leader) and the following train (Follower).

Fig. 1. Simplified architecture of the virtual coupling
train system

In this configuration, the leading train acts as
the information source, while the following train
operates as the ego train. Inter-train coordination
is achieved via a train-to-train communication link
implemented over the Ethernet Train Backbone
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Fig. 2. Framework of the proposed method.

for Virtual Coupling (ETB-VC). The leading train
transmits key operational information to the fol-
lowing train, based on which the follower adjusts
its longitudinal motion to ensure safe and efficient
virtual coupling operation.

2.3. Multi-source Risk Classification for
Trains

The multi-source operational risks of trains are
classified into three layers: the system layer,
the environmental layer, and the communication
layer. This classification is consistent with es-
tablished literature and prevailing railway safety
and operation frameworks, which analyze train
operation from the perspectives of onboard system
functionality, external operating conditions, and
information transmission reliability Palo (2014);
Germoglio Barbosa et al. (2024); Farooq and
Soler (2017); de Loizaga andMartin (2024); Kong
et al. (2023).
As summarized in Table 1, these three lay-

ers capture onboard subsystem vulnerabilities,
infrastructure-related environmental conditions,
and train-to-train communication reliability, re-
spectively. This layered classification provides a
systematic foundation for subsequent risk model-
ing and decision-making in VCTS.
Building upon the proposed multi-layer risk

classification, a heterogeneous risk-aware fusion
and control framework is developed, as illustrated
in Fig. 2, to support safe virtual coupling opera-
tions. The overall operational risk is decomposed

Table 1. Multi-source information classification for trains

Layer Risk Factor

System Automatic Train Protection (ATP)
Automatic Train Operation (ATO)
Sensors
Braking system
Traction system
Train Control and Monitoring
System (TCMS)

Environment Track gradient
Wheel–rail adhesion
Visibility

Communication Transmission latency
Jitter
Packet loss

into system-level, environmental, and communi-
cation components. Owing to asymmetric per-
ception capabilities, the system-level risk is as-
sessed by the leading train through onboard self-
diagnosis, while environmental and communica-
tion risks are evaluated by the following train
using local perception and received train-to-train
information.
Specifically, the leading train employs a Bilat-

eral Cumulative Sum (Bi-CUSUM)-based trend
monitor to detect system-level risk variations and
generate a conservative short-horizon risk predic-
tion, denoted as Rsys. This prediction is transmit-
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ted to the following train together with structured
communication metadata and the observed speed
vo of the leading train, thereby providing both
risk-related and kinematic information for down-
stream decision-making and control.
The following train then fuses system, envi-

ronmental, and communication risks via an An-
alytic Hierarchy Process (AHP)-based fuzzy logic
scheme, yielding an integrated risk index. This
index is embedded within an MPC-based control
framework to enable the synthesis of conservative,
risk-aware longitudinal control policies.

2.4. Hierarchical Risk Fusion and
Transmission Dilemma

The raw indicators associated with the risk fac-
tors listed in Table 1 are initially collected in
their native physical units and subsequently nor-
malized to ensure comparability across heteroge-
neous data sources. Each normalized indicator ξ
is then mapped to a fuzzy membership degree
μ(ξ) ∈ [0, 1] using trapezoidal membership func-
tions, which are widely adopted in multi-criteria
risk assessment frameworks.
For each risk layer l, a layer-wise risk score Rl

is obtained via centroid defuzzification, as defined
in Eq. (6),

Rl =

∫
Dl

ξ μagg(ξ) dξ∫
Dl

μagg(ξ) dξ
(6)

where Dl denotes the universe of discourse asso-
ciated with layer l, and μagg represents the ag-
gregated membership function obtained through
a Mamdani-type fuzzy inference mechanism us-
ing max–min aggregation. The layer index l ∈
{sys, env, comm} corresponds to the system, en-
vironmental, and communication layers, respec-
tively.
Fusion weights W =

[
wsys, wenv, wcomm

]�
are obtained from an expert-elicited pairwise com-
parison matrix, in which domain experts assess the
relative importance of different risk layers. The
resulting matrix is validated through a consistency
ratio (CR) check, and the derived weights are
considered acceptable when CR < 0.1.
Based on the above hierarchical fusion mech-

anism, the following train integrates the system-

layer risk transmitted from the leading train with
locally evaluated environmental and communi-
cation risks to compute the final comprehensive
risk index Rfinal. The final risk is obtained as a
weighted summation of the individual layer-wise
risks, as expressed in Eq. (7),

Rfinal =
∑

l∈{sys,env,comm}
wl Rl (7)

where wl denotes the relative importance weight
associated with the l-th risk layer.

2.5. Risk Trend Detection and
Asymmetric Fail-Safe Prediction

In tunnel environments or under severe wireless
interference, intermittent communication degra-
dation may prevent the following train from con-
tinuously acquiring the real-time system-layer risk
Rsys of the leading train. To address this chal-
lenge, a conservative onboard risk trend detection
and fail-safe prediction mechanism is deployed
on the leading train, enabling robust forecasting
of system-layer risk under communication uncer-
tainty.
Rather than relying solely on absolute health

values, the proposed approach monitors the tem-
poral evolution of system health. Specifically, a
sliding window of length N is employed to esti-
mate the health gradient, as defined in Eq. (8),

g(i) =
H(i)−H(i−N)

Ndt
(8)

where H(i) denotes the aggregated system health
indicator at time step i. The gradient g(i) charac-
terizes short-term deterioration or recovery trends
in system health.
Based on the estimated gradient g(i), a Bi-

CUSUM scheme is employed to detect statisti-
cally significant trend changes. The Bi-CUSUM
statistics are updated according to Eq. (9),

Slo(i) = max
(
0, Slo(i− 1)− g(i)− δ

)
Shi(i) = max

(
0, Shi(i− 1) + g(i)− δ

) (9)

where δ is a slack parameter introduced to sup-
press minor fluctuations and sensor noise. A de-
terioration trend (or a recovery trend) is identified
when Slo(i) > h (or Shi(i) > h), respectively,
with h denoting the decision threshold.
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To prevent critical failures from being masked
during aggregation, a veto mechanism is incorpo-
rated, such that abnormal escalation of any safety-
critical subsystem directly dominates the aggre-
gated system-layer risk assessment.
Once a trend change is detected according to

Eq. (9), an asymmetric fail-safe prediction strat-
egy is activated over a prediction horizon Tp. The
predicted system health trajectory is defined in a
phase-dependent manner, as expressed in Eq. (10),

Hpred(i+ τ) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

H(i) + α g(i) τ I

H(i)− β Φ(g(i), τ)− γ II

H(i) III
(10)

where τ ∈ [0, Tp] denotes the prediction offset.
The parameter α > 1 amplifies early-warning
signals during Phase I, whereas β and γ denote
a damping factor and a safety margin during
Phase II, respectively. Phase III corresponds to
nominal operating conditions. The damping func-
tion Φ(·) is defined in Eq. (11),

Φ(g(i), τ) = max(0, g(i)) τ (11)

which enforces conservative recovery prediction
by preventing overly optimistic health restoration.
To further enhance robustness, a recovery-hold

mechanism is introduced to maintain pessimistic
predictions for a predefined duration after a recov-
ery trend is detected. Finally, to guarantee fail-safe
behavior under communication degradation, the
predicted system health is constrained by a conser-
vative pessimistic envelope, as given in Eq. (12),

Hpred ≤ Hreal − ε (12)

where Hreal denotes the true health level of the
leading train subsystem and ε represents a pre-
defined safety margin. This constraint enforces
conservative underestimation of system health,
thereby preventing premature relaxation of safety
control actions. The resulting predicted health
trajectory Hpred is subsequently mapped to the
system-layer risk index Rsys via the fuzzy infer-
ence framework described in the previous section.

3. Risk-Aware Control via MPC

Risk-Aware Cost Function Rather than tracking
a fixed or purely kinematic reference, the MPC
controller for the following train follows a dynam-
ically generated target speed vtarget that explicitly
embeds predictive risk awareness.
Under nominal operating conditions, when the

synthesized risk Rfinal remains sufficiently low
and no persistent degradation trend is detected,
the target speed is set equal to the observed speed
of the leading train. This strategy enables efficient
and cooperative car-following behavior of the fol-
lowing train while maintaining smooth longitudi-
nal control.
As Rfinal increases and a deterioration trend

is identified by the Bi-CUSUM mechanism, the
reference generation strategy transitions to a risk-
dominant operating regime. In this regime, the
target speed of the following train is no longer
governed by the leading train but is instead reg-
ulated according to a risk-adaptive update law,
ensuring a proactive and fail-safe reduction of the
commanded speed.
To quantitatively incorporate the synthesized

risk level into the reference generation process, a
normalized risk factor η ∈ [0, 1] is defined as

η = clip

(
Rfinal −Rlow

Rhigh −Rlow
, 0, 1

)
(13)

where Rlow and Rhigh denote the lower and upper
bounds of acceptable risk levels, respectively.
Based on the normalized risk factor, the target

speed is updated incrementally as

vtarget ← vlim +
[
κ(1− η)− λ

]
dt (14)

where vlim denotes the stored line speed limit, κ
controls the nominal acceleration tendency under
low-risk conditions, λ introduces a conservative
deceleration bias under elevated risk, and dt rep-
resents the discrete-time sampling interval.
The resulting control problem is solved online

using a receding-horizon MPC scheme to obtain a
risk-aware longitudinal control policy.
Over a prediction horizon of length Np, the



120 Proc. of the European Safety and Reliability Conference (ESREL 2026)

MPC objective is formulated as

min
{ui}Np−1

i=0

Np−1∑
i=0

Ji (15)

The stage cost Ji is defined as

Ji = Wv

(
vi − vtargeti

)2
+Wj (ai − ai−1)

2

(16)
where Wv and Wj weight the speed tracking
penalty and the acceleration smoothness penalty,
respectively.
The MPC optimization is subject to the system

dynamics and safety constraints:

ki+1|i = f(ki|i, ui|i), xfolloweri+1|i ≤ xleaderi+1|i − dsafe
(17)

where xleader denotes the longitudinal position of
the leading train, xfollower denotes the longitudinal
position of the following train, and dsafe denotes
the minimum safety margin. All simulations are
conducted on a platform equipped with an Intel
Core i7-13700H processor and 16 GB RAM.

4. Experiment

4.1. Scenario Description

This study simulates a simplified VCTS com-
prising one leading train and one following train
entering a tunnel, after which environmental and
communication-layer risks increase.
In addition, the leading train experiences a tran-

sient traction overheat protection event, resulting
in a temporary speed reduction followed by recov-
ery, thereby representing a system-layer degrada-
tion scenario.
The simulation parameters are summarized in

Table 2; parameters not listed are assumed to op-
erate under nominal conditions.

Table 2. Environmental Changes in Simulation.

Parameter Open Track→ Tunnel Unit

Aerodynamic Drag 5.0 → 8.0 N/(m/s)2

Adhesion 1.0 → 0.7 –
Packet Loss 0 → 5%–40% –

4.2. System-Level Risk Modeling and
Prediction for the Leading Train

To evaluate the proposed framework, the evolution
of the health index of the leading train’s traction
system during an overheating protection process
is simulated, as illustrated in Fig. 3(a). The sim-
ulated degradation and recovery process includes
traction derating, protection trip, and system re-
covery, whose temporal progression is explicitly
reflected in the health profile.
As shown in Fig. 3(b), the blue curve represents

the real-time system-level risk of the leading train,
while the red dashed curve denotes the predicted
risk generated by the proposed method. The pre-
dicted risk exhibits a faster response to degrada-
tion events and consistently envelopes the real-
time risk throughout the entire process, thereby
providing a conservative safety margin for fail-
safe decision-making.
By jointly examining Fig. 3(b) and (c), it is

observed that this behavior is enabled by the pro-
posed Bi-CUSUM-based trend detection mech-
anism. The negative and positive CUSUM re-
sponses allow timely identification of both degra-
dation and recovery dynamics, ensuring rapid risk
response while maintaining sufficient conserva-
tiveness.

4.3. Resilient Risk Fusion and Safety
Control of the Following Train

This subsection evaluates the performance of the
following train’s risk fusion module and its safety
response under combined tunnel-induced distur-
bances and leader system degradation.

Robustness of Multi-source Risk Fusion. As
shown in Fig. 4, upon tunnel entry at t = 200 s,
environmental degradation and severe communi-
cation jitter are immediately reflected in the layer-
wise risk inputs. Despite channel noise, the pre-
dicted system-level risk transmitted from the lead-
ing train is successfully captured at approximately
t = 400 s. As illustrated in Fig. 4(b), the final
fused risk effectively suppresses high-frequency
communication fluctuations during nominal oper-
ation, while responding promptly to system-level
risk surges. This behavior demonstrates that the
proposed fusion logic achieves fault dominance,
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Fig. 3. Validation of Risk Prediction.

Fig. 4. Multi-source Risk Fusion Results.

preventing critical hazards from being masked by
minor disturbances.

Preemptive Control Response. Fig. 5 presents
the speed trajectories of the leading and follow-
ing trains together with the corresponding MPC
control actions. As shown in the left panel of
Fig. 5, the following train exhibits an anticipatory

deceleration and maintains a lower speed than the
leading train during the high-risk interval (420 s <
t < 520 s), thereby enlarging the safety margin.
The right panel illustrates the associated control
inputs, where moderate braking is applied in ad-
vance and followed by small corrective acceler-
ations. During the recovery phase (t > 550 s),
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Fig. 5. Speed control response under failure. Left: speed trajectories of leading and following trains. Right: MPC
control actions.

the following train returns to the nominal speed
smoothly without aggressive catch-up, which sup-
ports robust longitudinal stability under degraded
operating conditions.

5. Conclusions

This paper proposes a heterogeneous risk-aware
fusion and control framework for virtual cou-
pling operations under multi-source operational
risks. By integrating multi-layer risk assessment,
conservative Bi-CUSUM-based prediction, and
MPC-based control framework, the framework
enables preemptive and fail-safe longitudinal con-
trol for the following train. Simulation results
demonstrate that the proposed approach provides
safe and robust control performance in virtual
coupling scenarios.
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