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ABSTRACT Artificial intelligence of things (AIoT)-enabled intelligent automatic train operation (iATO) is
an urgently needed technology to expand the capability of ATO in addressing the real-time responsiveness
and dynamic online challenges to energy-efficient train trajectory optimization (TTO) and its associated
ride-comfort, punctuality, and safety issues in modern urban rail transit networks. This paper proposes a
three-step supervised reinforcement learning-based intelligent energy-efficient train trajectory optimization
(SRL-IETTO) approach for iATO by hybrid-integrating deep reinforcement learning (DRL) and supervised
learning. First, multiple objectives are formulated based on real-time train operation and systematically
integrated into the RL algorithm by a binary function-based goal-directed reward design method. Second,
an IETTO model is established to handle uncertain disturbances in real-time train operation and generate
optimal energy-efficient train trajectories online by optimizing energy efficiency and receiving supervisory
information from trajectories of pre-trained TTO models. Finally, numerical simulations are implemented
to validate the effectiveness of the SRL-IETTO using in-service subway line data. The results demonstrate
the superiority and improved energy saving of the proposed approach and confirm its adaptability to online
trip time adjustments within the practical running time range under uncertain disturbances with less trip time
error compared to other intelligent TTO algorithms.

INDEX TERMS Deep reinforcement learning, energy-efficient train trajectory optimization, intelligent
automatic train operation, supervised reinforcement learning, urban rail transits.

I. INTRODUCTION
A. MOTIVATION
Urban rail transit networks (URTNs), such as metros, light
rails, etc., play an essential role in public transportation in
high-density urban areas because of their practical viability
in providing sustainable, green, effective, and convenient
mass transportation services [1]. The growing needs and chal-
lenges to address passenger demand, urban traffic congestion,
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environmental cleanliness, and sustainability have urged the
expansion of the URTNs worldwide [2]. The global urban rail
passenger traffic will reach a historical high of 954 billion
passenger-kilometers by 2025 [3]. Therefore, the current and
near-future URTNs must handle the continuously increasing
busy lines and shorter train departure headways while achiev-
ing energy-efficient train operation.

From a practical perspective, real-time train operation is
frequently affected by disturbances before departure and dur-
ing operation [4], [5]. These include, but are not limited to,
departure delays, arrival delays, and critical demands during
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peak hours caused by weather, passenger, and equipment.
Considering the increasingly short trip times and frequent dis-
turbances in high-density urban areas, even short delays that
last for several seconds may result in a secondary delay after
the initial delay of the train and even knock-on delays [6].
Moreover, disturbances may lead to extra energy usage and
decreased ride comfort due to the temporary train accel-
eration or deceleration to guarantee punctuality, adversely
affecting energy consumption and passenger satisfaction [6].
Importantly, manual driving is difficult to find an optimal
train trajectory that satisfies the correspondingly increasing
operational requirements.

In the past decades, automatic train operation (ATO) has
been proposed and implemented to evolve manual driv-
ing into automated driving [7] by automatically determin-
ing the optimal train trajectories between stations through
train trajectory optimization (TTO). However, the optimal
train trajectories of current ATOs are usually designed and
optimized in advance [8], [9]. The insufficient capabilities
of the ATO-based technologies in terms of calculation and
adjustment of energy-efficient trajectories online in response
to uncertain disturbances and adapting to rescheduled trip
times from the real-time timetable rescheduling (RTTR) [10]
significantly limit their application prospects. Therefore, it is
necessary to address the energy-efficient TTO and its associ-
ated ride-comfort, punctuality, and safety issues under uncer-
tain disturbances and rescheduled trip times to enhance ATO
performances.

Thanks to the recent groundbreaking in key enabling
and synergetic technologies, including smart sensors, low-
power embedded systems, long-range lower-power wireless
networks, artificial intelligence (AI), and big data analytics,
the artificial intelligence of things (AIoT)-enabled intelligent
automatic train operation (iATO) has become practically
viable and valuable as the next-generation emerging ATO
technology. Specifically, precise real-time train operation
information and historical data can be utilized by such
an iATO technology to achieve intelligent energy-efficient
train trajectory optimization (IETTO) with real-time
responsiveness.

B. BACKGROUND
The comprehensive review of the TTO can be found in [8] and
[11]. The research of the TTO can be traced back to 1968 by
introducing Pontryagin’s maximum principle (PMP) [12].
The optimal train trajectory usually contains a sequence
of four optimal control regimes and their switching points:
maximum acceleration, cruising, coasting, and maximum
deceleration. Based on PMP, Howlett [13] found the neces-
sary conditions for an optimal control strategy and developed
key equations that determine the optimal switching points.
Albrecht et al. [14] used perturbation analysis to deduce
the uniqueness of the global optimal strategy and reported
the algorithm implementation in Energymiser . Alterna-
tively, numerical algorithms [8] can balance the optimization

performance and computational time. Haahr et al. [15]
applied dynamic programming (DP) to generate optimal
speed profiles and relied on an event-based decomposition
to reduce the search space. Wang and Goverde [16] used the
pseudospectral method to transform the multi-phase optimal
control problem into a nonlinear programming (NLP) model
and solved the TTO with signal influences.

Some studies [17], [18], [19] have dealt with disturbances
in designing optimal train trajectories, usually with punc-
tuality and energy consumption as the two main objec-
tives. Wang et al. [17] developed an approximate dynamic
programming method with an online search process for
the TTO, considering the uncertainty in traction force and
train resistance. Fernández-Rodríguez et al. [18] proposed a
robust train trajectory design method considering train load
variations and delays. The optimal train trajectories were
selected from a Pareto front by particle swarm optimization
algorithm. Yang et al. [19] used an evolutionary algorithm to
solve a two-phase stochastic programming model with uncer-
tain train mass to optimize train trajectory and timetable.
In addition, the TTO has been taken into account in timetable
rescheduling [20], [21]. Wang and Goverde [22] developed
a multi-train trajectory optimization method on single-track
lines to get an adjusted timetable and a set of speed trajecto-
ries. The delay and energy consumption were reduced. Dong
et al. [23] proposed a parallel intelligent system for train
operation control and dynamic scheduling involving a broad
information exchange between timetable rescheduling and
train operation, which raises high requirements for the TTO.

With the enabling of AI [24], reinforcement learning
(RL) has been a powerful methodology for addressing
decision-making problems in real-time TTO with distur-
bances. Yin et al. [25] developed two intelligent train
operation algorithms, and the simulations showed that the
RL-based algorithm is capable of adjusting trip time dynam-
ically between two stations. They [6] further proposed a Q-
learning-based algorithm for the TTO under online adjusted
timetables. However, disturbances are typically assumed to
be short (within 20 s), and the optimal train trajectories
in a broad trip time adjustment range against disturbances
have not been fully contemplated. Compared to model-based
approaches, the model-free RL-based approaches show sig-
nificant advantages in self-adaptability and the ability to learn
from historical data. Moreover, deep reinforcement learn-
ing (DRL) [26] can learn optimal controls in more com-
plicated decision-making problems than conventional RL
by using deep neural networks (DNNs), such as settings
with high-dimensional state and action spaces. Many studies
have combined DRL with expert knowledge rules to solve
the TTO [9], [27], [28], [29]. Nevertheless, few consider
real-time TTO with disturbances during operation.

Recently, Supervised reinforcement learning (SRL) has
been used in robotics and the healthcare domain [30], [31],
[32]. Usually, SRL combines supervised learning (SL) with
DRL architecture to form a supervisor-actor-critic (SAC)
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FIGURE 1. Real-time train operation process with disturbances.

architecture. Under the SAC architecture, the supervisor
helps optimize the actor’s policy by sending low-risk actions
as supervisory information to modify the policy update of
the actor. The solution strategies and intentions conveyed by
the supervisor efficiently accelerate DRL training with fewer
learning trials and further improve model performance [33].

C. CONTRIBUTION
In this paper, a supervised reinforcement learning-based
intelligent energy-efficient train trajectory optimization
(SRL-IETTO) approach is proposed for iATO in the real-time
train operation of modern URTNs. The main contributions
can be summarized as follows:

1) Multiple objectives associated with energy saving, ride
comfort, punctuality, and safety are formulated as trajectory
evaluation indices based on real-time train operation. Then
they are systematically integrated into the RL algorithm by a
goal-directed reward designmethod based on binary function.
A fine-tuning process based on bilinear programming is used
to correct RL reward parameters toward their optimal states.

2) An IETTO model using two-step training is developed
to handle uncertain disturbances in real-time train opera-
tion and generate optimal energy-efficient train trajectories
online. The first step generates pre-trained TTO models to
obtain fixed-time train trajectories based on the twin-delayed
deep deterministic policy gradient (TD3) algorithm. The sec-
ond step improves model generalization capability within
the practical running time range by considering supervision
loss between the policy of the IETTO model and pre-trained
models into the policy gradient (PG).

The rest of this paper is organized as follows. Section II
illustrates the problem formulation with the problem state-
ment followed by the train control model formulation.
Section III presents the SRL-IETTO approach, including
the SRL principle, the SRL-IETTO framework, and detailed
model design and training. Section IV reports the simulation
setup and results. Section V gives the conclusions.

II. PROBLEM FORMULATION
A. PROBLEM STATEMENT
Fig. 1 illustrates the IETTO problem. Before the real-
time operation, an extensive planning process gener-
ates a timetable that regulates the planned trip times
Tp 1, . . . ,Tpj, . . . ,Tpn−1 of each trip between stations.
According to the predetermined timetable and line data, the
train trajectory is optimized in advance. However, real-time
operation is frequently affected by disturbances that occur
when the train is at the station (before departure) and dur-
ing operation. Besides, the timetable may be rescheduled.
To ensure punctuality, the planned trip time Tpj between
station j and j + 1 can be modified to T new

pj in real-time
operation, which can be a shorter planned arrival time Tpj,1
or a longer planned arrival time Tpj,2.

Based on the modified planned trip time, the train tra-
jectory should be re-optimized online and meet multiple
objectives. In detail, such re-optimized train trajectory should
maintain high punctuality subject to uncertain disturbances
or timetable rescheduling, high safety such that the on-road
speed limit is not violated and stopping accuracy is guaran-
teed, and certain levels of energy saving and ride comfort
for passengers. Based on the re-optimized train trajectory,
decisions are made to accelerate or decelerate the train. Cor-
respondingly, the actual running times during the trip can be
described as T 1, . . . ,Tj, . . . ,Tn−1.

B. TRAIN CONTROL MODEL FORMULATION
Generally, a train can be considered a single-point mass
model subject to various forces during operation. Based on
Newton’s law, the motion of the train can be described as

Mρrv(x)
dv(x)
dx
= F(v, x)− Rb(v)− Rl(x), (1)

dt(x)
dx
=

1
v(x)

, (2)

Rb(v) = c1 + c2v+ c3v2, (3)
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Rl(x) = Mg sin(α(x)), (4)

where x is the train position, v(x) is the train speed at position
x, t(x) is the time at position x,M is the mass of the train, ρr
is the rotating mass factor, F(v, x) is the traction or braking
force, Rb(v) is the basic resistance at speed v, Rl(x) is the line
resistance at position x, α(x) is the slope angle at position x.
According to the Davis formula, R b(v) is a quadratic function
of speed, where c1, c2, and c3 are the coefficients of train
characteristics.

Train operation is subject to several limitations for motor
power, speed, and punctuality, which include

udcclim ≤ u(x) ≤ u
acc
lim, ∀x ∈ [0, xe], (5)

v(x) ≤ vlim, ∀x ∈ [0, xe], (6)

v(0) = 0, v(xe) = 0, t(0) = 0, |Tp − T | ≤ Tlim, (7)

where u(x) is the acceleration at position x, udcclim and uacclim are
the deceleration and acceleration limits, respectively, vlim is
the on-road speed limit, xe is the end position where the train
stops, Tlim is the punctuality tolerance which regulates the
maximum allowed trip time error, Tp is the planned trip time,
T = t(xe) is the actual running time during the trip, |Tp − T |
is the absolute difference between the planned trip time and
the actual running time, which is the trip time error.

We useDbd andDdo to denote disturbances or rescheduling
commands that occur before departure and during operation,
respectively. The uncertain trip time changes caused by Dbd

and Ddo are defined as tbdd and tdod , respectively. Suppose the
disturbances occur or rescheduled trip times are given, and
the train receives notifications at position xd ∈ [0, xe). The
modified planned trip time is T new

p . Thus,

T new
p =

{
Tp − tbdd , tbdd ∼T

bd, if Dbd

Tp − tdod , tdod ∼T
do, if Ddo ,∀x∈ [xd, xe],

(8)

|T new
p − T | = |Tp − (T + tbdd or T + tdod )| ≤ Tlim, (9)

where T bd and T do are the time error distribution ofDbd and
Ddo, respectively.

III. SRL-IETTO APPROACH
A. SRL PRINCIPLE
We first introduce the principle of DRL and explain how
supervisory information is used to transform DRL into
SRL. The principle of DRL can be described as an itera-
tive agent-environment interaction process where the agent
learns to make and adjust decisions from the feedback of
the environment. For real-time train operation, the agent
is the onboard controller of the train, and the environment is
the train operation process. The train operation can be treated
as a Markov decision process (MDP). At each step i, 0 ≤
i ≤ N , the DRL agent takes an action a according to a policy
µ(s) at the current state s in the environment E , and observes
a new state s′ and a reward r , where N is the maximum step. s
denotes the state, a state space S contains all possible states,

s ∈ S; a denotes the action, an action space A contains all
valid actions, a ∈ A; r is the immediate reward that evaluates
a, a reward spaceR contains all rewards, r ∈ R; µ(s)→ a is
the probability distribution over a given s.
A sequence of state-action pair (s, a) during multiple steps

creates a trajectory ξ (namely, an episode), and it can be
evaluated by a return R(ξ ) =

∑N
i=1 γ i−1ri, where γ is the

discount factor [9]. The goal of the agent is to learn an optimal
policy µ∗ that generates a sequence of optimal actions that
maximizes the expected return. The optimal trajectory ξ∗

is found by executing the optimal actions sequentially. The
expected return at (s, a) under µ∗ is Qµ∗ (s, a), which can be
calculated by [34]

Qµ∗ (s, a) = Er,s′∼E [r + γ max
a′

Qµ∗ (s′, a′)], a′ ∼ µ(s′).

(10)

Due to the complexity of calculating Qµ∗ (s, a) when state
and action spaces become large, DRL uses the deep neural
network (DNN) as a function approximator to approximate
Qµ∗ (s, a) by Qθ (s, a) with parameter θ .

In this paper, the SRL uses the supervisory information
provided by pre-trained supervisors to give hints on the deci-
sions of the agent. The hints refer to the differences between
the policy µ(s) of the agent and the policy µsl(s) of super-
visors. Therefore, by minimizing these differences, µ(s) is
more similar to µsl(s). In other words, the agent learns from
interactions with the environment and supervisors.

B. SRL-IETTO FRAMEWORK
The proposed SRL-IETTO approach has three steps: the
model design step, the model training step, and the model
verification step (see Fig. 2). At the model design step, essen-
tial elements of the SRL environment, including state, action,
and reward, are designed by extracting features from the train
operation process and considering multiple objectives. First,
train operation features, including train operation states and
constraints, are extracted. Second, multiple objectives associ-
ated with energy saving, ride comfort, punctuality, and safety
are formulated to establish evaluation indices for optimal
train trajectory. Third, the essential elements of the SRL envi-
ronment are designed. Action a and state s are defined based
on operation states. The range of a is adjusted according to
the limitations of various constraints to avoid unreasonable
actions. For reward r , the evaluation indices are integrated
into the reward design to consider multiple objectives.

At the model training step, the SAC architecture is
adopted with supervisor pre-training and agent training. First,
TTO models are pre-trained by DRL through the standard
agent-environment interactions to serve as supervisors. Since
disturbances or rescheduled trip times are strongly related to
the flexibility of trip time, the agent can learn from multiple
optimal train trajectories on different planned trip times to
improve its generalization capability. Based on this idea,
multiple supervisors, with each of them having a fixed but
different planned trip time Tp within the practical running
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FIGURE 2. SRL-IETTO framework.

time range, are used to provide supervisory information for
subsequent agent training. These supervisors are pre-trained
without using human driving data or ATO reference tra-
jectories, which avoids the prior data collection. Second,
an intelligent agent is trained under the supervision of pre-
trained supervisors. Taking advantage of the SRL in training
acceleration and model performance improvement and the
DNN in dealing with high-dimensional continuous state and
action spaces, the intelligent agent can learn to a) take the
state s as input; b) generate continuous and optimal action a
as output for accurate train control.

At the model verification step, the well-trained agent,
namely the IETTO model, is tested by various cases that
simulate real-world situations to verify itsmodel performance
and illustrate its practical usage.

C. MODEL DESIGN
1) OPERATION STATES, CONSTRAINTS, AND
EVALUATION INDICES
The train operation states involve the train position, speed,
reserved trip time [29], and acceleration. Constraints include
(5)-(9) and rules derived from expert knowledge of experi-
enced drivers and ATOs. For convenience, we use b to denote
constraints. The expert knowledge rules aim to enhance
safety, limit the action space, and reduce the complexity of
the problem. The rules used are summarized as follows:

a) A safe braking distance 1x =
−v2lim
2us

is defined, where
us is the minimum deceleration and is usually used for
emergency brakes. We choose u s = −1 m/s2 [9] for 1x

calculation. Once the distance between the current train posi-
tion x and the next station is less or equal to1x, the train must
decelerate in a constant u.
b) Whenever the speed of the train reaches 95% of the

speed limit, the train should not accelerate anymore.
The optimal train trajectory generated by the proposed

approach should be evaluated in various aspects. Typical
evaluation indices are safety evaluation index (includes on-
road speed limit violation evaluation index vs and stopping
accuracy evaluation index 1p), punctuality evaluation index
1t , energy-saving evaluation index E , and ride-comfort eval-
uation index C [8]. The absolute difference between the
actual distance and the position where the train stops indicate
the stopping accuracy. For comparison purposes, we use a
similar definition in [9] for index C . The indices are

vs =

{
1, if v ≥ vlim
0, otherwise,

(11)

1p = |xe − d |, (12)

1t = |T new
p − T |, (13)

E =
1
Md

∫ xe

0
F(v, x)dx, (14)

C =
∫ T new

p

0

 |
du
dt
|dt, |

du
dt
| > 0.3 m/s3

0, otherwise,
(15)

where d is the actual distance between stations.

2) STATE s AND ACTION a
The acceleration of the train is defined as action a. For the
agent, its state s contains train position, speed, and reserved
trip time. For supervisors, their state ss only contains train
position and speed. This is because they do not need to
observe Tp since it is fixed. The initial state is defined as
s0 = [0, 0,Tp] and ss0 = [0, 0].

s = [x, v,Tp − T ], (16)

ss = [x, v]. (17)

3) REWARD r
Reasonable rewards are designed by adopting a goal-directed
reward design method based on binary function [35]. The
rewards can be classified into goal-state rewards rg (namely,
for this paper, final-state rewards) and rewards per step r∞

r =

{
rg, s′ = sg
r∞, otherwise,

(18)

where sg is the goal state (final state).
Thus, the solution of (10) becomes a constant Q∞ when

rg = r∞,

Q∞ =
N∑
i=1

γ i−1r∞ = r∞
1− γ i

1− γ
≈

r∞
1− γ

. (19)

If rg > Q∞, the final-state rewards are more attractive than
rewards in other states, leading the agent to the final state.
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TABLE 1. Rewards.

Besides, rg and r∞ must be non-negative to encourage the
agent to move from the current state to the next state. Thus,
the relationship between r g and r∞ is established as

rg >
r∞

1− γ
≥ 0. (20)

Thus, according to (20), we design different types of
rewards following the binary reward function form to reflect
various real-world objectives. Table 1 illustrates the designed
rewards. For r∞, the on-road speed limits, punctuality,
energy, and ride comfort are considered. These rewards in
r∞ can give immediate feedback at every step to accelerate
training. The agent gets penalties once its performance is
worse than the tolerance Tlim, Elim, and Clim set on punctual-
ity, energy, and ride comfort, respectively. Since safety is the
basic operation requirement andmost important objective, the
penalty weights are higher than other objectives. A bias term
is used to ensure the non-negative nature of r∞. Tlim is set
to be 3 s [9]. Elim is set to be equal to the practical energy
consumption of the same line since we expect better energy
saving in agent performance than in practice. Clim is set to
be 0.3 g/s [36]. For rg, we design rewards for punctuality,
ride comfort, energy, and stopping accuracy. The stopping
accuracy tolerance plim is set to be 0.3 m [37]. The coeffi-
cients of various rg terms have significant impact on model
performance. Therefore, the coefficient values are fine-tuned
toward optimal states (see Appendix).

D. MODEL TRAINING
1) OVERVIEW
The TD3 algorithm [38] enlightens the model training
architecture (see Fig. 3). TD3 is an advanced DRL algo-
rithm that uses DNN as the function approximator to han-
dle high-dimensional continuous state and action spaces.
It implements techniques such as double Q learning, delayed
policy updates, and target policy smoothing to address
Qθ (s, a) overestimation.
a) Pre-training: each supervisor is trained with a fixed

but different Tp within the practical running time range.
This range is determined by calculating the minimum and
maximum planned trip time Tmin

p and Tmax
p of the trip. The

calculation of Tmin
p and Tmax

p can be referred to [39], where
Tmax
p is based on the assumption that the lowest average

running speed of 40 km/h offered to passengers. Tp1, Tp 2, . . . ,
Tpm for supervisor 1, 2, . . . , m are uniformly sampled from

FIGURE 3. Illustration of the proposed model training architecture.

Tmin
p to Tmax

p . The data (s, a, s′, r, b, b′, done) of each MDP
step are stored and sampled from an experience replay buffer,
where done is a binary variable which tells whether the termi-
nate state has occurred. TD3 with the prioritized experience
replay (PER) buffer [40] is used to train supervisors. PER
uses importance sampling to obtain better model training
performance.
b) Agent Training: the actor outputs action a based on its

policy µ, which is updated according to the Q value. The
critic estimates Q value. The supervisor calculates the super-
vision loss, namely, the differences between the supervisor’s
policy µsl(s) and the agent’s policy µ(s), to guide the actor’s
action. Besides, target actor and critic networks are utilized
to increase training stability. Different from TD3, the SRL
training environment randomly assigns Tp value for each
episode, and the training data are stored separately in several
independent buffers according to Tp. Each supervisor samples
data from its own buffer while the actor receives data from all
buffers. In this manner, the supervisor avoids providing inap-
propriate supervisory information, and the actor can receive
all supervisory information. The detailed update process of
each component is illustrated as follows.

2) ACTOR
To find the optimal policy µ∗ that maximizes the expected
return, the loss function of the actor can be updated by taking
the gradient of the expected return. According to PG, the loss
function update of the actor can be written as

∇φJa(φ) = Es∼pµ[∇aQθ (s, a)|a=µφ (s)∇φµφ(s)], (21)
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where Ja is the loss of the actor. θ is the parameter of critic,
pµ denotes the discounted state distribution for a policy µ.
To avoid unreasonable actions, the output of the actor should
be clipped according to constraints, namely, clip(a,−b, b).

3) SUPERVISOR
With the supervisor, the loss function update of the actor
in (21) should be modified. We use the mean squared error
(MSE) loss to calculate supervision loss for each supervisor
and sum up to form Js,

∇φJ = (1− αs)∇φJa + αs∇φJs, (22)

Js =
m∑
l=1

Es∼pµ [(µ
l
sl(s)− µφ(s))2], (23)

where J is the revised loss of the actor, Js is the supervision
loss, αs ∈ [0, 1] represents the trade-off between DRL and
SL contribution, µl

sl(s) is the lth supervisor’s policy, m is the
number of supervisors.

4) CRITIC
The policy update of the actor is delayed by a rate DP to let
the critic has a better estimation ofQ. The update of the critic
is by minimizing the critic loss

min Jc(θ ) = Er,s∼pµ [(Qθ (s, a)− y)2], (24)

where Jc is the critic loss, y is calculated by the target critic.

5) TARGET NETWORK
There are two target critics and one target actor. By using
double Q learning to take the minimum Q value of the target
critics, the Q value overestimation issue is mitigated. The
target critics calculate

y = r(s, a)+ γ min
k=1, 2

Qθ ′k
(s′, ã)|ã=(µ′(s′)+clip(N )), (25)

where θ ′ is the parameter of the target critic, ã is the action
taken by the target actor, µ′(s′) is the policy of the target
actor at state s′. A target policy smoothing is implemented
by adding a small stochastic noise to the target actor for
mitigating overfitting.

Target networks are updated at regular intervals to enable
more stable learning, namely, soft update. The soft update can
be written as

φ′← τφ + (1− τ )φ′, θ ′← τθ + ( 1− τ )θ ′, (26)

where τ is the soft update rate.
The detailed training procedures are shown in algo-

rithm 1 and algorithm 2. The hyperparameters for supervisor
pre-training and agent training are the same, except for the
different neural network structures. For the supervisor, both
actor and critic have 256, 256, 128, 64, and 64 units for
hidden layers. For the agent, both actor and critic have 400,
300, 200, 100, and 64 units for hidden layers. Each of the
hidden layers is followed by a Relu activation function. The
output layer of the actor is followed by a Tanh activation

Algorithm 1 Pre-Training
Randomly initialize actor µφ and critic Qθ1 , Qθ2 , respec-
tively, with random weights φ, θ1, and θ2
Initialize target networks φ′, θ ′1, and θ ′2 with weights
φ′←φ, θ ′1← θ1, and θ ′2← θ2
Initialize buffer B
for episode = 1, Max do
Receive the initial observation ss0
for i = 1, N do
Select a ∼ µφ(s) + N , clip(a,−b, b), execute a and
observe r , s′, b′

Store transition (s, a, s′, r, b, b′, done) to B
Sample a random minibatch of Nm transitions from B
Select ã ∼ µ′φ(s

′)+N , clip(ã,−b′, b′), then calculate
y by (25)
θk← argminθk N

−1
m

∑
(y− Qθk (s, a))

2

if i mod DP then
Update φ by (21), φ′, θ ′1, and θ ′2 by (26)

end if
end for

end for

function, while the output layer of the critic does not have
any activation function. The target networks have the same
structure as the corresponding actor or critic. The inputs are
normalized for all networks. The learning rate for the actor
and the critic is 10−5 and 10−4, respectively. The optimizer is
Adam. τ = 5×10−4, γ = 0.99, DP = 2. The training batch
size is 128, and the replay buffer capacity is 220. The noise
is subject to normal distribution N (0, 0.2) and the noise is
clipped to the range (−0.5, 0.5). The simulation is on Python
3.9.13 with PyTorch 1.12.1 by an RTX 3070 GPU and 32 GB
RAM.

E. MODEL VERIFICATION
After training, the IETTO model is tested by simulations
to verify its model performance. The detailed simulation
setup, results, and discussions are reported in Section IV. For
practical application purposes, the proposed model can be
deployed on onboard computers. With the received real-time
information from onboard and external sensors, other trains,
and control centers, the proposed model can dynamically
generate optimal train trajectories online to address uncertain
disturbances and rescheduled trip times.

IV. SIMULATION AND RESULT
A. SIMULATION SETUP
Simulations for three case studies are carried out to demon-
strate the SRL-IETTO performance. The infrastructure, train,
and line data are from an in-service subway line containing
13 sections (14 stations) and a total length of 22.73 km. The
model is trained on one section of 2.63 km and evaluated
on the whole line. The speed limits and gradient profile of
the training section [41] are shown in Table 2. The timetable
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Algorithm 2 Agent Training
Randomly initialize actor µφ and critic Qθ1 , Qθ2 , respec-
tively, with random weights φ, θ1, and θ2
Initialize target networks φ′, θ ′1, and θ ′2 with weights
φ′←φ, θ ′1← θ1, and θ ′2← θ2
Initialize buffer B1, B2, . . . , Bm, load µ1

sl, µ
2
sl, . . . , µ

m
sl

for episode = 1, Max do
Receive the initial observation s0 and ss0
for i = 1, N do
Select a ∼ µφ(s) + N , clip(a,−b, b), execute a and
observe r , s′, b′

Store transition (s, a, s′, r, b, b′, done) to B1, B2, . . . ,
Bm, according to Tp
Sample a randomminibatch ofNm transitions, equally
from B1, B2, . . . , Bm
Select ã ∼ µ′φ(s

′)+N , clip(ã,−b′, b′), then calculate
y by (25)
θk← argminθk N

−1
m

∑
(y− Qθk (s, a))

2

if i mod DP then
Update Js by (23), φ by (22), φ′, θ ′1, and θ ′2 by (26)

end if
end for

end for

TABLE 2. Gradient and speed limits for training.

and section length of the line [42] are shown in Table 3.
The type of train used is DKZ32 EMU, which has six vehi-
cle units (three are traction units). The train parameters are
shown in Table 4. We set Elim to be 162 J/(km·kg) based
on practical and simulation data [43] of the same training
section. In Case One, the overall model performance without
disturbances or rescheduled trip times on various sections
is verified. In Case Two, the dynamic online train trajec-
tory optimization capability is verified with disturbances
and rescheduled trip times. In Case Three, several algorithm
parameters and their influences on model generalization
capability are analyzed by comparison of learning curves.

B. CASE ONE
We compare SRL-IETTO with other approaches on
multiple sections to illustrate its overall model perfor-
mance without disturbances or rescheduled trip times.
The following approaches are selected for comparison:
1) manual driving (MD); 2) ATO-generated trajectories with
proportional-integral-derivative (PID) controller; 1)− 2) are
the practical driving data with no departure delays of the

TABLE 3. Timetable and section length.

TABLE 4. Train parameters.

line on March 2012. Half of the data are MD, and the
others are ATO since both types of driving were used
at that time. 3) RTO algorithm, which is a comprehensive
knowledge-based system with a collection of expert knowl-
edge rules. The selection of experts requires prior data
collection, surveying, expert selection, data mining, and
summarizing. Noted that RTO is unable to handle distur-
bances. 1)− 3) are all presented by [6]. The index E of
the above algorithms is recalculated using (16) for com-
parison purposes. Since the calculation method of index
C in 1)− 3) is different from the proposed approach,
we choose 4) STO algorithm [9] for C comparison. STO
utilized advanced DRL algorithms such as DDPG and NAF
to handle continuous action space for solving the TTO. The
comparison is valid because the evaluation standard should be
the same for the whole line. The performance of SRL-IETTO
is averaged across five runs. Five pre-trained supervisors are
default used with planned trip times of 185 s, 197 s, 209 s,
221 s, and 234 s, respectively. They are equally distributed
within Tmin

p and Tmax
p , namely, 183 s and 234 s, respectively.

Fig. 4 shows the trajectories generated by SRL-IETTO on
these training sets. The trajectories are smooth and have no
violations of on-road speed limits.

Fig. 5 and Table 5 show overall model performance com-
parison with no disturbances. The upper part shows the
optimal trajectories of SRL-IETTO, while the bottom part
shows the results in index E and index C . The bars rep-
resent the results in index E . The circles with the dotted
line and the light-shaded area represent the results of index
C . The results show that SRL-IETTO can satisfy on-road
speed limits and stopping accuracy in all sections. SRL-
IETTO achieves the best performance on index E among
all the approaches and outperforms MD in average energy
saving of 18.5% across all sections. Although RTO achieves
similar performance on index E as SRL-IETTO, it is unable
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FIGURE 4. Trajectories generated on training sets.

TABLE 5. Performance across all sections.

TABLE 6. Performance comparison with RL-based algorithms (without
disturbances / rescheduled trip times).

to handle disturbances. SRL-IETTO achieves the best per-
formance on index C compared with the practical solution
and outperforms the practical solution in an average energy
saving of 54.7% across all sections. Although higher than
ATO, the index 1t of SRL-IETTO is still within 3 s. The
variance of the trip time error of MD is huge, indicating that
MD has unsatisfactory performance on punctuality in some
sections.

We further compare the proposed approach with RL-based
algorithms reported in the literature with no disturbances.
Currently, RL-based algorithms have only been tested on
several sections of the subway line we simulated. Therefore,
for comparison purposes, we choose the STO algorithms and
simulated section presented in [9] as an example. The simu-
lated section line data, including speed limits and gradients,
are the same as in [9]. The planned trip time is 101 s, and
the section length is 1280 m. The comparison results are
shown in Table 6. From the table, SRL-IETTO achieves the
best performance, with an energy saving of 24.8% compared

TABLE 7. Performance with dynamically adjusted trip times.

TABLE 8. Monte Carlo results.

to MD. Compared to RL-based algorithms, the proposed
approach increases the energy-saving rate by at least 13.1%.
In terms of ride comfort, the proposed approach achieves
similar performance as STO.

C. CASE TWO
We verify the dynamic online train trajectory optimization
capability of the proposed model with disturbances and
rescheduled trip times. First, we use Fig. 6 as an example
to illustrate the model performance of the proposed model
with disturbances and rescheduled trip times. Suppose the
planned trip time is scheduled as 210 s for the training
section. Fig. 6(a) show an accident occurs when the train
runs 500 m. The train is informed at this moment to arrive
at the station 10 s / 25 s earlier, respectively. This indicates
that Tp is changed to 200 s / 185 s, respectively. A red star
marker represents the position where the accident happens.
Fig. 6(b) are similar, except that the accident happens when
the train runs 1500 m and the train is required to arrive 10 s
/ 25 s later, respectively. It can be observed that when the
train receives the accident information, the proposed model
will change the driving strategy (action a) since the model
input (state s) is changed due to the change of reserved trip
time. Table 7 shows the detailed model performance. The
trip time error is always within 3 s. The evaluation index
E is larger than the example with scheduled Tp, indicating
extra energy consumption due to acceleration. The index C is
larger than the example with scheduled Tp, indicating slightly
uncomfortable passengers may feel due to acceleration or
deceleration.

To test the overall model performance under disturbances /
rescheduled trip times, we then perform 2000 times of Monte
Carlo simulations. Section 9 is between two busy stations
and is suitable for demonstrating the test results. Tmin

p and
Tmax
p of section 9 are 150 s and 185 s, respectively. The

distributions of trip time changes are referred to [6] and
[44]. tbdd is subject to a Weibull distribution where the shape
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FIGURE 5. Model performance comparison across all sections.

FIGURE 6. Trajectories of SRL-IETTO with adjusted trip times.

parameter is 0.8, and the scale parameter is (Tmax
p −T

min
p )/2.

tbdd is non-negative since disturbances or rescheduling com-
mands before departure usually cause delays. tdod is subject
to a Normal distribution where the mean value is 0, and the
variance value is (Tmax

p − Tmin
p )/4. For simulation purposes,

xd is set to occur within the first half of the trip. This is
because when the train is close to the destination, it is difficult
or even impossible to significantly change trip time by train
control.

Fig. 7 shows the Monte Carlo results in histograms. The
blue and red colors of the histograms represent simulations
that are subject to Dbd and Ddo, respectively. Fig. 7(a) shows
the distribution of tbdd and tdod , which denotes the distribution
of disturbances. Fig. 7(b) shows distribution of (T+tbdd or T+
tdod ) and denotes the arrival time. Fig. 7(c) and Fig. 7(d)
shows the distribution of energy and ride comfort. The aver-
age model performance of the Monte Carlo simulations is
reported (see Table 8). It can be observed that disturbances
vary on a broad time distribution (0-17.5 s for Dbd, −17.5-
17.5 s for Ddo), but the arrival time distribution is concen-
trated around the planned trip time (around 163-170 s). This
indicates that the probability of delay is very small across
all simulations (0-3.3 s for Dbd, 0-3.8 s for Ddo) and the
average trip time errors are within 2 s under both Ddo and
Dbd. The punctuality against Ddo is worse than against Dbd.
This indicates the additional trip time error caused by trajec-
tory changes during operation. The energy distribution varies
due to the extra energy consumption for acceleration and
deceleration to guarantee punctuality. Most of the resulting
energy consumptions are concentrated within a small range
(around 85-110 (J/(km·kg)) forDbd, and 100-110 (J/(km·kg))
forDdo) with the average energy consumption close to results
without disturbances. The ride comfort distribution is similar
to energy distribution, except that it is more concentrated
(2-3 (m/s3)).

The Monte Carlo simulation shows that SRL-IETTO can
efficiently overcome the disturbances before departure and
during operation and keeps model performance in terms
of punctuality, energy saving, and ride comfort via online
timetable adjustment. We then compare SRL-IETTO with
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FIGURE 7. Probability distributions under the Monte Carlo simulations.

FIGURE 8. Reward curves under different αs and m (with scale magnification).

RL-based algorithms reported in the literature that consider
disturbances (See Table 9). We chose the ITO and ITOR
algorithms based on Q-learning for comparison. It can be
observed that SRL-IETTO reduces maximum trip time error
by at least 24.0% and 11.6% against a broader disturbance
range compared with ITO and ITOR, respectively. Moreover,
the computational time to re-generate the optimal train trajec-
tory after disturbances is about 0.07 s. This fast response time

indicates that the SRL-IETTO can generate or re-generate the
optimal train trajectory online.

D. CASE THREE
We analyze the effect of several algorithm parameters
on model generalization capabilities. For discussion pur-
poses, the following model performance is evaluated with
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TABLE 9. Performance comparison with RL-based algorithms (with
disturbances / rescheduled trip times).

[Tp sampled every 5 s from [Tmin
p ,Tmax

p ], namely, 190 s,
195 s, . . . , 230 s.

1) EFFECT OF αs

αs is the parameter that controls the trade-off between SL
and RL contributions to the actor loss (see Fig. 8(a)). When
αs = 0, it is pure DRL training. The rewards gained are
significantly less than other curves within the maximum
episode length, and the learning curve has a large variation
even trained for a long time. This indicates that pure DRL
training is time-consuming and more difficult to find the
optimum due to the problem complexity compared with SRL.
When αs is larger, the introduced SL supervision accelerates
training and improves average performance on different trip
times as more rewards are gained. Nevertheless, from the
scale magnification of Fig. 8(a), if αs = 1, the curve slowly
decreases after gaining a high reward. This is due to the
overfitting of the agent to the supervisor’s policy µsl(s). Note
that αs = 1 does not represent pure SL training since DRL is
in effect for the critic.

2) EFFECT OF m
m denotes the number of supervisors. The learning curves
for different m with constant αs are shown in Fig. 8(b),
Fig. 8(c), and Fig. 8(d). With larger m, the rewards gained
within the maximum episode length increase. The highest
reward is obtained by m = 5. When αs = 0.9, since
the total SL contribution is small, the rewards gained under
different m are similar. αs = 0.99 and m = 5 is the best
and default parameter for SRL-IETTO. Compared with pure
DRL, the designed SRL training architecture improves model
generalization capability while accelerating training.

V. CONCLUSION
In this paper, an SRL-IETTO approach is proposed for
iATO in real-time train operation of modern URTNs by
hybrid-integrating DRL and SL. An IETTO model is estab-
lished to handle uncertain disturbances in real-time train
operation and generate optimal energy-efficient train trajec-
tories online, considering energy saving, ride comfort, punc-
tuality, and safety. Numerical simulations are implemented
to validate the effectiveness of the SRL-IETTO using in-
service subway line data. The results have demonstrated the
superior energy saving of the proposed approach for train
trajectory optimization and provide satisfactory performance
on evaluation indices of ride comfort, punctuality, and safety.

TABLE 10. Performance with different coefficient values.

The energy saving and ride comfort indices show significant
improvements of 18.5% and 54.7% on average, respectively,
compared to the practical driving data. The adaptability of the
proposed approach to online trip time adjustments within the
practical running time range has been confirmed by Monte
Carlo simulations. The maximum trip time error under uncer-
tain disturbances in real-time train operation decreased by
11.6% compared to other intelligent TTO algorithms. Future
research will improve the proposed approach with more prac-
tical constraints in complex operational scenarios.

APPENDIX
The upper bound is zero for all rg coefficients since we aim
to minimize these reward terms. The lower bound is derived
from the following equation that all coefficients must satisfy:

rgmax + rT1t + rEE +
rCC
N
−1p = r gmin > r∞/(1− γ ),

(27)

where rgmin and rgmax are the minimum/maximum value of rg,
respectively.

1p can be ignored if the maximum step N is sufficiently
large that the train position differences between each step is
small. Therefore, (27) can be rewritten as

max rT, rE, rC
s.t. (27), 0 ≤ C ≤ Cmax,Tlim ≤ 1t ≤ T new

p ,

0 ≤ E ≤ Elim, rT, rE, rC ≤ 0, (28)

where Cmax = N is a sufficiently large value to consider the
worst ride comfort case that | dudt | > 0.3 m/s3 at every step.

According to Table 1, (28) is solved by the mathematical
programming solver GUROBI 9.5.2 as a bilinear program-
ming problem. The bound of rT, rE, and rC is found: rT ∈
[−0.43, 0], r E ∈ [−0.62, 0], and rC ∈ [−100, 0]. Table 10
shows the model performance under different coefficient val-
ues, averaged by three runs on randomly selected Tp. The best
parameters are rT = 0.4, rE = 0.6, rC = 0, with maximum
trip time error within 3 s, and high energy saving and ride
comfort.
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