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Abstract

Energy-efficient Train Control (EETC) strategy needs to meet safety, punctuality, and energy-
saving requirements during train operation, and puts forward higher requirements for
online use and adaptive ability. In order to meet the above requirements and reduce the
dependence on an accurate mathematical model of train operation, this paper proposes a
train-speed trajectory-optimization method combining data-driven energy consumption
estimation and deep reinforcement learning. First of all, using real subway operation
data, the key unit basic resistance coefficient in train operation is analyzed by regression.
Then, based on the identified model, the energy consumption experiment data of train
operation is generated, into which Gaussian noise is introduced to simulate real-world
sensor measurement errors and environmental uncertainties. The energy consumption esti-
mation model based on a Backpropagation (BP) neural network is constructed and trained.
Finally, the energy consumption estimation model serves as a component within the Deep
Deterministic Policy Gradient (DDPG) algorithm environment, and the action adjustment
mechanism and reward are designed by integrating the expert experience to complete the
optimization training of the strategy network. Experimental results demonstrate that the
proposed method reduces energy consumption by approximately 4.4% compared to actual
manual operation data. Furthermore, it achieves a solution deviation of less than 0.3%
compared to the theoretical optimal baseline (Dynamic Programming), proving its ability
to approximate global optimality. In addition, the proposed algorithm can adapt to the
changes in train mass, initial set running time, and halfway running time while ensuring
convergence performance and trajectory energy saving during online use.

Keywords: energy-efficient train control (EETC); Back Propagation (BP); energy consumption
estimation model; Deep Deterministic Policy Gradient (DDPG)

1. Introduction
With the continuous acceleration of China’s industrialization and urbanization process,

China has become a major carbon emitter in the world, and will be under great pressure to
save energy and reduce emissions for a long time in the future [1]. In 2019, the transport
sector was the second largest source of carbon emissions in China, accounting for 12.42% of
the country’s total carbon dioxide emissions [2]. In 2023, the traction energy consumption
of China’s urban rail system reached 12.934 billion kWh, an increase of 1.619 billion kWh
compared to 2022, accounting for 51.78% of the total electricity consumption of urban rail
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systems. Energy-efficient train control (EETC) optimizes train trajectory and minimizes
traction energy in a given schedule through a reasonable combination of acceleration and
deceleration, which is of great significance for saving energy in urban rail systems [3]. There-
fore, EETC has gradually attracted extensive attention from many scholars. The optimized
speed trajectory according to different optimization methods is helpful to reduce energy
consumption, improve punctuality of the train, and improve passenger comfort [4,5].

The EETC problem has been studied for decades, and in the early stages of research,
scholars used the Pontryagin maximum Principle (PMP) to solve the problem [6–8]. Based
on the PMP method, the scholars indirectly derived the four most energy-efficient combi-
nation stages of train operation: maximum acceleration, cruising, coasting, and maximum
braking, and then iteratively calculated the optimal combination of switching points by
numerical calculation method. However, this method has a high computational cost, and it
is not suitable when other complex models, such as motor characteristics, are considered.
With the continuous progress of hardware facilities and optimization methods, scholars
have applied heuristic algorithms such as genetic algorithm [9], simulated annealing al-
gorithm [10], ant colony algorithm [11] and particle swarm algorithm [12] to the EETC
problem to obtain train-operation trajectories with better energy saving through computer
iterative calculation. These heuristic algorithms do not rely on the strict four-stage struc-
ture. Unlike the PMP method, they are not confined to fixed switching points. Instead,
they continuously explore the solution space through iterative calculations, resulting in
high-quality train-operation trajectories. However, the calculation cost of this method is
very high, and it may converge to the local optimal solution during program running, and
it is impossible to guarantee that the train-operation trajectories of the same quality can be
obtained every time the program runs. With the upgrading of computers, scholars have ap-
plied mathematical programming methods such as mixed integer linear programming [13],
pseudo-spectrum method [14], and convex optimization [15] to the EETC problem. These
methods use piecewise linear or relaxation techniques to simplify the model complexity,
and cooperate with specific solvers to solve the optimal train trajectory. However, these
methods still have a strong trade-off between model accuracy and solution speed, making
it challenging to simultaneously accommodate more complex and precise models while
ensuring fast computation. The dynamic programming method, as a classical mathematical
programming method, also has a very important application in solving EETC problems [16].
Lu et al. constructed the multi-stage decision sequence and train-running state network
of the EETC problem using the traditional dynamic programming method [17]. In each
decision stage, the solution with the worst quality is discarded to reduce the search space,
so as to obtain the optimal train trajectory faster. This method starts from the starting
position of the train to solve the optimal trajectory forward, and the traversal solution
space is still huge, so it is difficult to obtain the train-speed trajectory in real time. The
dynamic programming method [18] of constructing a lookup table evaluates the status
points of the entire train-running space in the offline calculation process and stores them as
searchable lookup tables, and then obtains the optimal speed trajectory by searching the
tables during online use. Although this method can achieve the effect of offline calculation
and online application, it has great limitations on the dimensions of the train-running
state. With the increase in the complexity and dimension of the model, the calculation cost
increases exponentially.

With the development of computer science, reinforcement learning methods of arti-
ficial intelligence have been fully applied to EETC problems [19–23]. Yin et al. proposed
an intelligent train driving algorithm based on Q-learning to optimize the train trajectory
online, and its optimized trajectory reduced energy consumption by about 10% compared
with manual driving trajectories [24]. Su et al. described the EETC problem as a finite
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Markov decision process and proposed a strategy optimization method based on soft actor-
critic. The deep reinforcement learning algorithm was used to solve the driving strategy,
which was superior to Q-learning and Deep Q-learning methods in energy saving and
punctuality [25]. Ning et al. proposed a high-speed train trajectory-optimization method
based on Deep Deterministic Policy Gradient (DDPG) [26]. Through offline training of
the mapping relationship between learning state and action, the experiment showed that
the optimization strategy could generate an on-time and energy-saving trajectory under
different running times, the calculation time met the real-time requirements, and the energy
consumption was significantly lower than that of the optimization algorithm based on
expert rules.Recent studies from 2020 to 2025 have further advanced RL applications in
EETC [26–31]. For instance, Ning et al. applied DDPG to high-speed trains to handle
continuous action spaces [26], while Su et al. utilized Soft Actor-Critic (SAC) to enhance
robustness against disturbances [27]. Other works have explored advanced optimization
techniques for multi-train regulation [32] or timetable optimization [33]. These methods
show that reinforcement learning can meet the requirements of energy saving, punctuality,
and online solution in the application of the EETC problem. The reinforcement learning
algorithm generates a large amount of data to learn and make decisions [34]. As a part of
environmental reward, energy consumption is crucial. However, the existing reinforcement
learning research mainly deduces traction energy consumption during train operation
based on deterministic mathematical models and uses these model parameters in the op-
timization process. In real-world metro operations, the traction environment is dynamic
and complex. Key physical parameters, particularly the basic resistance coefficients, are
subject to temporal drift. For instance, mechanical wear between wheels and rails over
long-term operation alters friction characteristics. Furthermore, seasonal or daily varia-
tions in ambient temperature and humidity within tunnels can affect air density and rail
adhesion, leading to fluctuations in aerodynamic drag and rolling resistance. Relying on
a fixed mathematical model fails to capture these time-varying disturbances, resulting in
a mismatch between the optimization model and the actual physical environment. As a
result, the optimization process of train operation is still highly dependent on the accurate
mathematical model parameters of train traction [35,36].

The accuracy and authenticity of model establishment during train operation are the
basis of train-operation control, and it is very important for the accuracy of energy con-
sumption calculation and the energy-saving of optimization algorithm in the optimization
of EETC problem [37,38]. Wang et al. calibrated their model using train-operation data
from Portland, Oregon, and the proposed modeling approach was capable of capturing the
energy consumption differences related to train, line, and operational characteristics [39].
The parameters of the mathematical model of train operation directly affect the accuracy of
the model. As a key parameter, the basic resistance coefficient of trains has a great impact
on the calculation accuracy of train-operation energy consumption. Liu et al. proposed to
use the multi-innovative least squares algorithm to identify the basic resistance parame-
ters of subway operation in order to improve the accuracy of parameter estimation [40].
Based on experimental data, Radosavljevic applied the least squares method to estimate
the traction characteristics of trains on Serbian lines, which can describe the real situation
more accurately than other empirical formulas [41]. On the basis of the model parameters,
the energy consumption of the train-running process can be modeled and predicted to
obtain the energy consumption estimate. However, the parameters of the mathematical
model in the train-running process are interrelated with many factors, so it is difficult to
accurately express them using a general empirical formula, and the reliability of param-
eter estimation is difficult to guarantee [39]. Machine learning technology has powerful
nonlinear modeling ability, which can consider multiple factors affecting the operation
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energy consumption, and obtain a reliable and effective estimation network through the
training of a large number of data sets, which is conducive to improving the accuracy of
the estimation of the train-operation energy consumption [42,43].

In order to improve the practicability, adaptability, and energy saving in the EETC
problem, a train-speed trajectory-optimization method combining a data-driven energy
consumption estimation model and deep reinforcement learning is proposed in this paper,
and its performance is studied. In this paper, the important basic resistance coefficient is
fitted based on real train-operation data from the Guangzhou Metro, which operates entirely
within tunnels, and is used as the data source for generating the training data of the energy
consumption estimation model. The proposed energy consumption estimation model
based on a BP neural network considers many factors such as train mass, gradient, Curve
radius, etc., and achieves an accurate estimation of train-operation energy consumption.
As a part of the environment of the DDPG algorithm, the estimation model is fed back
to the energy consumption part of the train state transition reward. The proposed DDPG
algorithm does not use an accurate basic resistance coefficient as expert knowledge, and
considers the influence of train quality, running time, and other factors on speed trajectory
optimization. Through offline training and online use, the adaptability and energy saving
of the algorithm are discussed. The contributions of this paper are summarized as follows:

• The proposed energy consumption estimation model can accurately reflect the influ-
ence of basic resistance on running energy consumption, and has good generalization
ability to the change in running environment, such as train mass, gradient, curve
radius, and running length.

• The proposed method ensures that all the optional actions are feasible, and has good
adaptability, which can adapt to the influence of different train masses and different
running times while maintaining the optimization effect of energy consumption.

• The proposed energy consumption estimation model is based on data-driven training,
and effectively replaces the accurate mathematical model as a part of the reinforcement
learning environment without affecting the energy consumption optimization effect
of the running trajectory.

The remainder of this paper is organized as follows. Section 2 presents the research
methodology, outlining the train dynamics model, the data-driven energy consumption
estimation strategy, and the DDPG-based trajectory-optimization framework. Section 3
details the numerical experiments, including parameter identification, model training
results, and comparative analysis. Finally, Section 4 concludes the paper and discusses
limitations and future research directions.

2. Methodology
To achieve energy-efficient train control while reducing dependence on precise physi-

cal parameters, this paper proposes a methodology combining data-driven modeling and
deep reinforcement learning. The overall framework consists of three main stages. First, a
Parameter Identification stage uses real operation data to regress the unit basic resistance
coefficient, which allows for the generation of a realistic synthetic dataset. Second, an
Energy Estimation Modeling stage constructs a Back Propagation (BP) neural network
trained on the synthetic dataset (with added Gaussian noise) to accurately map train states
to energy consumption. Third, a Trajectory-Optimization stage integrates this pre-trained
estimation model into a Deep Deterministic Policy Gradient (DDPG) environment, where
the agent learns to optimize the speed trajectory for energy saving and punctuality. The
following subsections detail the mathematical models and algorithms used in these stages.
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2.1. Assumptions and Problem Conditions

To formulate the EETC problem mathematically and ensure the feasibility of the
data-driven approach, the following assumptions and conditions are established:

• Point Mass Model: The train is modeled as a single point mass, ignoring the internal
coupler forces between carriages. This is a standard assumption in longitudinal train
dynamics control.

• Discretized Environment: The line conditions, including gradient, curvature, and
speed limits, are assumed to be constant within each discretized distance segment.

• Stable Tunnel Environment: The study focuses on urban metro systems operating
primarily in tunnels (specifically based on Guangzhou Metro data). Therefore, external
environmental factors such as strong crosswinds, rain, or snow are considered negligi-
ble, creating a relatively stable operating environment compared to open-air railways.

2.2. Train Dynamics Model

The longitudinal dynamic model of a single train can be expressed as:

dv
dt

=
fM − M · g(wD + wG + wS + wL)

M
(1)

where v is the speed of the train, M is the total mass of the train, g is the acceleration due to
gravity, and fM is the traction or braking force applied by the motor. The formula for fM is
as follows:

fM = p1 · f max
t − p2 · f max

b (2)

where p1 and p2 are coefficients from 0 to 1, and their product is 0. It is worth noting that
the motor has a complex inherent characteristic curve, and the maximum traction/braking
force f max

t and f max
b change with the speed of the train [44]. Additionally, the empirical

formula of the unit resistance wD [45], wG, wS, wL [46] of the train is as follows:

wD = kA + kB · v + kC · v2 (3)

wG = sin(kG) (4)

wS =
kS
R

(5)

wL = kL · Ls · v2 (6)

among them, kA, kB and kC are the coefficient of the unit basic resistance wD, which mainly
comes from air resistance, friction between bearings, friction between train wheels and
tracks and shock vibration. wG represents the additional resistance of the ramp where the
train is located, and kG represents the angle between the ramp where the train is currently
located and the horizontal line. Because when the train runs on the curve, due to the
action of centrifugal force, the wheel and the track will generate additional friction, and its
unit resistance is wS with the coefficient kS. In addition, when the train runs in a long Ls

tunnel, the pressure difference formed by the head and tail will hinder the train’s progress,
resulting in additional tunnel resistance, whose unit resistance is wL with the coefficient
kL [46]. The energy conversion relationship between traction/braking is as follows:

de
dx

= p1 · f max
t /ηt − p2 · f max

b · ηb (7)

where e refers to the energy consumed by the train during its operation; x refers to the
line distance; ηt and ηb refer to the motor traction/braking efficiencies. The optimization
principle of the EETC problem is to minimize the energy consumption of the route by



Electronics 2025, 14, 4939 6 of 23

controlling the acceleration and deceleration of the train or the motor output on the premise
that the train arrives at the terminal time unchanged.

2.3. Unit Basic Resistance Coefficient Fitting

The basic resistance of train operation has a particularly significant impact on energy
consumption. This section conducts a regression analysis on the unit basic resistance coeffi-
cient based on the real running lines and calculates the optimal value of each coefficient in
the quadratic function.

Based on the known gradient, train trajectory, curve radius, and motor force, the unit
basic resistance corresponding to different speeds during train operation can be derived
backwards from Formula (1), as shown below:

wD =
fM − M · a

M · g
− wG − wS − wL (8)

where a is the current acceleration of the train. Since the unit’s basic resistance varies
with the operating speed, there will be more sampling points in a certain speed interval.
An appropriate upper limit of sampling number is set in each ∆V km/h speed interval,
and polynomial fitting is carried out to finally obtain the unit basic resistance coefficient
kA, kB, kC based on the backward regression data. The polynomial is optimized based on
the gradient descent method, and the mean square error is used as the loss function of
regression analysis:

MSE =
1
n
·

n

∑
i=1

(wi
D − ŵi

D)
2 (9)

where n is the number of samples, wi
D is the unit basic resistance obtained by back-

ward inference based on real data, and ŵi
D is the estimate of the unit basic resistance

by the polynomial.

2.4. Train-Operation Energy Consumption Estimation Model

As shown in (7), the energy consumption of train operation can be calculated after
the parameter information of train operation is accurately obtained. However, in the real
environment, there are many factors affecting the energy consumption of train operation,
and the above equation and corresponding coefficient may not be able to accurately de-
scribe the process of train energy consumption. This section proposes a train traction
energy consumption estimation model based on a BP neural network, and establishes
the relationship between energy consumption and various influencing factors through
the data of operation energy consumption. BP neural networks are particularly suitable
for this task due to their simple structure, ease of implementation, and effectiveness in
handling nonlinear regression problems. Given the relatively low-dimensional input and
single-output nature of this estimation task, BP networks provide an efficient and reliable
modeling solution compared to more complex models. Due to the lack of a large amount of
accurate actual train-running energy consumption data as data support, this paper uses a
small amount of actual running data to identify the unit’s basic resistance coefficient. Based
on this mathematical model (i.e., the polynomial regression model), a large number of
energy consumption data were generated, which served as the training data for the energy
consumption estimation model.

As shown in Figure 1, the network structure of the energy consumption estimation
model consists of train mass, gradient, curve radius, tunnel length [46], running length,
current speed, and next speed. The traction energy consumed by a train running at uniform
acceleration from the current speed to the next speed is set as the output of the network
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under the conditions of specified gradient, curve radius, and tunnel length. The calculation
formula of energy consumption data of training can be obtained based on Formula (7):

Etrain =
∫ Lr

0
(p1 · f max

t /ηt − p2 · f max
b · ηb)dx + ϵ (10)

where Lr is the running length in the train input, and ϵ is the noise of the data, which is a
random variable from 0 to 0.1 kWh.

Figure 1. Network structure of energy consumption estimation model.

To ensure the reproducibility of the research, the detailed hyperparameter configura-
tion of the BP neural network is listed in Table 1.

Table 1. Hyperparameter configuration of the BP neural network.

Parameter Value

Input Layer Nodes 7
Hidden Layers 3

Hidden Layer Nodes 100, 400, 100
Output Layer Nodes 1
Activation Function Leaky ReLU

Loss Function MSE
Optimizer Adam

Learning Rate 0.005
Training Sample Size 1000

Training Iterations 2000

2.5. Design of Reinforcement Learning Algorithm

The DDPG algorithm combines deterministic strategy gradient and deep learning
to improve the efficiency of data utilization, integrates the successful experience of the
DQN algorithm, uses experience playback and sets a separate target network, making the
algorithm widely used in the field of control optimization [47,48]. As shown in Figure 2, it
is the control framework of the reinforcement learning algorithm. In order to achieve the
purpose of online optimization of train trajectory, this paper studies EETC problem based
on DDPG algorithm combined with expert experience of train energy-saving operation and
well-trained energy consumption estimation model.The rationale for selecting the DDPG
algorithm over discretization-based algorithms (e.g., Deep Q-Network, DQN) lies in the
continuous nature of train control. In real-world operations, traction and braking forces are
continuous physical quantities. Discretization algorithms require dividing the action space
into finite levels, which leads to two major issues:
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• Control Roughness: Discrete actions can cause abrupt changes in acceleration, result-
ing in “chattering” control behavior that reduces passenger comfort and increases
mechanical wear.

• Curse of Dimensionality: To achieve high control precision with DQN, the action
space must be finely discretized, leading to an exponential increase in the number of
action states and making the model difficult to converge.

Figure 2. Reinforcement learning framework.

In contrast, DDPG adopts an Actor-Critic architecture that can directly output continu-
ous actions, enabling smooth and precise control of the train’s acceleration while avoiding
the dimensionality problem.

2.5.1. Constraint-Based Prior Knowledge and Experience Replay Mechanism

In reinforcement learning algorithms, Constraint-based Prior Knowledge and Experi-
ence Replay Mechanism are crucial components that work synergistically to facilitate the
agent’s effective learning in complex environments.

By incorporating Constraint-based Prior Knowledge, reliable decision rules and safety
constraints are provided, which not only guide the agent in effective exploration but also
ensure the stability of the training process. Specifically, the agent possesses the following
prior knowledge during train operation:

• State and Track Information: The agent can acquire real-time state information, such
as position, speed, acceleration, and runtime, as well as track information such as
slope and curve radius. This comprehensive environmental awareness allows the
agent to make precise decisions based on the real-time state and track conditions.

• Stopping Requirement: The agent is required to bring the train’s speed to exactly zero
at the endpoint to ensure accurate stopping. This goal sets a clear objective for the
agent, guiding it to optimize decisions and ensure stopping precision at the endpoint.

• Acceleration Safety Constraints: The agent is fully aware of the maximum and mini-
mum achievable acceleration under given position and speed conditions. This knowl-
edge provides safe boundaries for exploration and optimization, preventing potential
risks from exceeding system limits.

• Time Constraints: The agent is aware of the minimum remaining running time at
each position. If the actual remaining time is below this minimum, the agent will take
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appropriate acceleration measures to ensure on-time arrival at the destination. This
mechanism helps optimize running efficiency and prevent delays.

These prior knowledge components help the agent make safer, more efficient deci-
sions in complex and dynamic operational environments, ensuring reliable operation in
various scenarios.

On the other hand, the Experience Replay Mechanism plays a crucial role in deep
reinforcement learning. The DDPG algorithm stores the agent’s interactions with the
environment in an experience replay buffer and randomly samples these experiences
during training to update the policy, thus breaking the temporal and spatial correlation
of the data and preventing overfitting. Additionally, DDPG introduces a target network
and adjusts its parameters through soft updates, reducing fluctuations during training
and accelerating convergence. By combining Constraint-based Prior Knowledge and
Experience Replay Mechanism, the reinforcement learning algorithm in this study not only
demonstrates higher adaptability and robustness but also ensures stability and convergence
during training, effectively optimizing the train’s operation.

2.5.2. State Space of the Train

The state space is the basis of the interaction between the train and the environment.
Selecting the variables that can accurately describe the state of the train running, as the state
of the environment of the train-running can promote the convergence and optimization of
the algorithm. The definition of state space selected in this paper is as follows.

S = {si = [m, Xi, vi, ti]|m ∈ [M, M], vi ∈ [0, Vi], Xi ∈ [0, Xl ], ti ∈ [0, Tr]} (11)

where m represents the mass of the train and passengers, and M and M represent the mass
of the train when the train is empty and when the train is full. In order to simplify the
problem, this paper divides the running journal into N segments, Xi is the length of the
position point ith and the starting point, Xl represents the distance between the starting
point and the end point. vi represents the current speed of the train in position i, which
is limited by the upper limit of the speed Vi in the current position; ti is the remaining
disposable time of the train at the point of i position, and Tr is the set maximum operating
time of the train.

2.5.3. Action Space of the Train

The train mainly regulates the acceleration of the train through the control signal
issued by the control handle or the onboard equipment to generate the corresponding
traction braking force. The acceleration of the train can be regarded as a continuous
variable and becomes a continuous action. The action space selected in this paper is defined
as follows:

A = {ai ∈ [Avi
i , Avi

i ]} (12)

where ai represents the train’s optional action at position i, and Avi
i and Avi

i represent the

lower and upper limits of the train’s optional action at position i. The values of Avi
i and

Avi
i are calculated according to the constraints of motor traction characteristics, maximum

speed of the fastest running mode, current train speed, train motion mechanics formula,
etc., and stored as a search table to ensure the safety and feasibility of train motion during
algorithm exploration. In order for the train to stop accurately at the final position, aN−1 is
selected for the last stage of the action, whose value must be the acceleration that causes
the train to reach the final speed of 0.
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In the running process of the algorithm, the online strategy network generates an
optimal estimated action value according to the current state of the train and adds the
detection noise to form the action of the train. The formula is shown below:

ai = µ(si|θµ) +N (0, σ2) (13)

Although Ornstein–Uhlenbeck (OU) noise is traditionally used in DDPG to generate
temporally correlated exploration; recent studies [49] suggest that uncorrelated Gaussian
noise is often sufficient for continuous control tasks. Given the inherent inertia of the
train dynamics, which naturally provides temporal correlation in state transitions, we
adopted zero-mean Gaussian noise N for simplicity and stability. In addition, this paper
employs a “Safety Shielding” (or Action Masking) mechanism based on prior expert
knowledge. When the running time of the train at the current position is less than the
remaining minimum running time, positive random bias is added to the actions to improve
the punctuality of train operation, make the detection trajectory more reasonable, and
accelerate the algorithm convergence speed.

ai =

ai if ti > Ti,

min(Avi
i , ai + 0.5 ∗ U(0, Avi

i − Avi
i )) if ti ≤ Ti.

(14)

where Ti is the remaining running time when the train runs at its fastest speed from the

starting point to the location i, and U(0, Avi
i − Avi

i ) is a random value from 0 to Avi
i − Avi

i .

2.5.4. Design of Reward Function

Based on the expert experience, train-running time, and the energy consumption
generated by the energy consumption estimation model, this paper designs the rewards for
train punctuality and energy saving. When the train does not run to the last route segment,
the reward design is as follows:

ri =


1 − ∆E if ti+1 > Ti+1,

−∆E if Ti+1 − 50 ≤ ti+1 ≤ Ti+1,

−0.5 − ∆E if ti+1 < Ti+1 − 50.

(15)

When the train runs to the last route segment, the reward design is as follows:

rN−1 = −∆E − 0.1 · max(|tN |, 100) (16)

In the design of the reward function, the selection of weight coefficients is critical for
balancing the trade-off between energy efficiency and punctuality. To determine the optimal
coefficients, we conducted a sensitivity analysis based on trial-and-error experiments:

• Positive Reward Bias: Ensuring sufficient positive incentives is crucial for accelerating
learning. Our experiments indicated that when the positive reward bias significantly
exceeds 1, the algorithm tends to overlook the energy consumption factor (measured
in kWh) because the reward magnitude overshadows the energy penalty. Conversely,
when the bias is close to 0, the convergence speed becomes slow. A bias value of 1
(and similar magnitudes between 0.1 and 5) was found to ensure stable convergence
while maintaining sensitivity to energy costs.

• Penalty for Abnormal States: When a significant time deviation occurs, the train is in
an abnormal state. A penalty mechanism is needed to constrain the agent. We found
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that a penalty coefficient of 0.5 effectively balances the need for constraint without
imposing an excessive negative impact that could destabilize the learning process.

• Time Threshold (50 s): The value of 50 represents the critical boundary for time
deviation. Prior to training, we calculated the theoretical fastest running time based
on expert knowledge. Experimental results showed that setting this threshold to 50 s
achieves a good trade-off between exploration capability and stability. If set too large,
the agent may over-explore detrimental actions; if set too small, the agent’s exploration
capability is unduly restricted.

To ensure the reproducibility of the proposed control strategy, the detailed hyperpa-
rameter settings and network architecture for the DDPG algorithm are presented. Based on
the experimental implementation, both the Actor and Critic networks adopt a deep, fully
connected architecture designed to capture the complex mapping between train states and
optimal actions. The specific configuration parameters are listed in Table 2.

Table 2. Hyperparameter configuration of the DDPG algorithm.

Parameter Value

Network Architecture
Actor Hidden Layers 3
Actor Hidden Nodes 60, 1000, 60

Actor Activation ReLU (Hidden), Tanh (Output)
Critic Hidden Layers 3
Critic Hidden Nodes 60, 1000, 60

Critic Activation ReLU (Hidden), Linear (Output)

Training Parameters
Actor Learning Rate (αµ) 1 × 10−3

Critic Learning Rate (αQ) 1 × 10−3

Discount Factor (γ) 1.0
Soft Update Parameter (τ) 0.1

Replay Buffer Size 2000
Batch Size 500

Exploration Noise (σ) 0.3

2.5.5. Training and Parameter Updating of Network

As shown in Figure 2, the algorithm interacts with the environment, and the resulting
interactive data are stored in the experiential replay buffer. When the strategy network and
value network are trained, a certain number of experience data samples are extracted from
the experience replay buffer as the training basis. Algorithm 1 shows the implementation
process of the algorithm. The actor target network can deduce the value of the next action,
and the critic target network can estimate the Q-value function Q′((sj+1, µ′(sj+1|θµ′

))|θQ′
)

of the state-action in the next decision stage, and then obtain the target value of the current
state value:

yj = rj + γQ′((sj+1, µ′(sj+1|θµ′
))|θQ′

) (17)

where γ is the discount rate to measure the current value of future rewards. Based on
the above data, the online critic network parameters are updated by minimizing the loss
function, which is set to:

Loss =
1
K

Σj(yj − Q(sj, aj|θQ))2 (18)

where K is the number of samples. The policy gradient of Actor during parameter update
can be obtained by combining the Q value function of online Q network:
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∇θµ J(θµ) ≈ 1
N

Σj∇θµ µ(sj|θµ)∇aQ(sj, a|θQ)
∣∣
a=µ(sj)

(19)

the parameters of the online network are updated above. For the update of the target
network, the soft update mechanism ensures that the parameters can be updated slowly,
thus improving the stability of the training and learning process:

θQ′
= τθQ + (1 − τ)θQ′

(20)

θµ′
= τθµ + (1 − τ)θµ′

(21)

where τ is the soft update parameter, which is used to adjust the update speed of the
target network.

Algorithm 1 DDPG algorithm

1: Randomly initialize the Critic network θQ and Actor network θµ and copy the parame-
ters to the target network θQ′

and θµ′

2: for episode = 1 to Max_episodes do
3: Initialize the train-running state s0
4: Initializing the action exploration noise N
5: for i = 0 to N − 1 do
6: Get action based on current state, policy network, exploration noise:

ai = µ(si|θµ) +N (0, σ2)
7: As shown in (14), the current action is adjusted according to the minimum

train-running time.
8: Generate rewards ri based on (15) and (16) and calculate the next state si+1
9: Randomly sample K sample data K × (sj, aj, rj, sj+1) from the experiential replay

buffer
10: Calculate the target value based on the target network:

yj = rj + γQ′((sj+1, µ′(sj+1|θµ′
))|θQ′

)

11: Minimize the loss function Loss = 1
N Σj(yj − Q(sj, aj|θQ))2 to update the online

critic network
12: Update the online policy network according to the sampling gradient:

∇θµ J(θµ) ≈ 1
N

Σj∇θµ µ(sj|θµ)∇aQ(sj, a|θQ)
∣∣
a=µ(sj)

13: Soft update the parameters of the target network:

θQ′
= τθQ + (1 − τ)θQ′

θµ′
= τθµ + (1 − τ)θµ′

14: end for
15: end for

3. Numerical Experiments
In this section, several experiments are set up to demonstrate the effectiveness of

the proposed data-driven energy consumption estimation and deep reinforcement learn-
ing methods for solving EETC problems. First, based on the real running data of the
Suyuan–Shuixi Line of Guangzhou Metro, the unit basic resistance coefficient of train
running is analyzed, which is an important mathematical model parameter of BP neural
network training data. On this basis, the proposed BP neural network is trained with the
train-running energy consumption data, and the proposed energy consumption estimation
model is proven to have a good energy consumption estimation effect and generalization
ability. Then, the trained energy consumption estimation model is used as an important
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part of the reinforcement learning environment reward to participate in the training of
the reinforcement learning algorithm. Compared with the tabular dynamic programming
method proposed in the literature [50], the feasibility of the proposed energy consumption
estimation model replacing the accurate mathematical model is verified. Finally, online op-
timization experiments with different train masses and different running times are carried
out to verify that the proposed method has good adaptability. The software optimizer runs
on a 12th Gen Intel(R) Core(TM) i7-12700F 2.10 GHz processor and RTX 2070 SUPER GPU,
python3.8 interpreter on a 16 GB RAM computer.

3.1. Identification of Unit Basic Resistance Coefficient

Figure 3 shows the effect of polynomial regression on the unit basic resistance coeffi-
cient. The unit basic resistance formula after regression analysis is wD = 1.284 + 0.0366 ·
v + 0.000177 · v2. The goodness of fit is 0.922, the root-mean-square error is 0.303, and the
average absolute error is 0.22. The coefficient makes the polynomial have a good fitting
effect on the velocity—unit basic resistance data.
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Figure 3. Regression analysis diagram of unit basic resistance coefficient.

As shown in Figure 4, the real running speed trajectory of the train is used as the
baseline data, and the tractive force under different conditions is derived backwards based
on the train’s dynamic equations. To ensure the reliability of the regression analysis, a
data preprocessing step was implemented. We analyzed the distribution of the differ-
ence between the backward-derived tractive force and the recorded real tractive force.
The statistical results indicated that most deviations fell within a reasonable range, while
deviations exceeding 25 kN were identified as outliers caused by sensor measurement
noise, instantaneous mechanical vibrations, or data synchronization errors. Therefore, we
excluded data samples with a traction force difference greater than 25 kN. After this prepro-
cessing, the average deviation of the tractive force without considering basic resistance is
8.75 kN, while the average deviation after considering basic resistance through regression
analysis is reduced to 0.11 kN. As shown in Figure 5, the real running tractive force of the
train is used as the baseline data, and the speed trajectories under different conditions are
derived backwards based on the train’s dynamic equations. When the train reaches its final
position, the deviation between the backward and actual speed without considering basic
resistance is 19.94 km/h, while the deviation after considering basic resistance is reduced
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to 0.76 km/h. Using the calibrated unit basic resistance coefficient, the derived tractive
force and speed trajectories are compared with the original data. The experimental results
show that the calibrated unit’s basic resistance coefficient effectively improves the accuracy
of the tractive force and speed trajectories, making them closely match the real curves. It is
important to note that while the subsequent training data are synthetic, the core physical
parameters (resistance coefficients) governing the generation process are derived from
real-world operation data. This hybrid approach ensures that the synthetic environment
maintains a high degree of fidelity to the actual physical dynamics, thereby bridging the
gap between model consistency and reality consistency.

(m
)

−
−
−

Figure 4. A comparative experiment of train tractive force based on real speed trajectory.

(m
)

−
−
−

Figure 5. Comparative experiment of train-running speed trajectories derived from real tractive force.

3.2. Data Generation and Preprocessing

To train the BP neural network effectively, a comprehensive synthetic dataset was
generated based on the identified resistance model and the train dynamics equation
(Equation (10)). The data sampling strategy ensures that the model covers the entire opera-
tional state space.

• Parameter Sampling: The input state variables were sampled to cover the full operational
range of the Guangzhou Metro Line 21. Specifically, the train mass was sampled from
[205, 270] t. To ensure the diversity of the training environment, other track parameters
were sampled from the specific design specifications of the line: the gradient ranges
from [−30, 30]‰, the curve radius ranges from [300, 8000] m, and the tunnel length
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ranges from [1500, 5000] m. Additionally, the running length for energy calculation was
sampled within [10, 100] m, and the train speed covered the range of [0, 125] km/h.

• Noise Injection: To simulate real-world sensor uncertainties and improve model
robustness, Gaussian noise N (0, 0.12) was added to the calculated energy consump-
tion labels.

• Data Preprocessing: To accelerate convergence, all input features were normalized to
the range [0, 1] using Min-Max scaling before being fed into the network. Outliers in
the synthetic generation process (e.g., physically impossible kinematic states) were
filtered out.

3.3. Analysis of Training Results of Energy Consumption Estimation Model

As shown in Figure 6, the energy consumption estimation model trains 1 million
training data sets each generation, and in the first 100 generations, the average absolute
error is stable within 0.1 kWh, which proves that the model has a good convergence effect
on the average absolute error of the test data set. After training for 2000 generations, it can
be obtained by experiments that the average absolute error of about 1 million test sets is
about 0.01 kWh.

Number of training rounds
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Figure 6. Iteration curve of average absolute error of output energy consumption of the energy
consumption estimation model.

As shown in Figure 7, according to the real running track from Tianhe Smart City
Station to Jinkeng Station of Guangzhou Metro Line 21, the energy consumed by the train-
running model is calculated. As shown in Table 3, for these six journeys, the maximum
energy consumption deviation was 0.41 kWh and the minimum energy consumption devi-
ation was 0.16 kWh. The maximum percentage of energy consumption deviation relative
to the calculated energy consumption based on the mathematical model is 2.64%, and the
minimum is 0.51%. In the six journeys of the train running, the final energy consumption
based on the energy consumption estimation model is estimated to be 151.9 kWh, and the
final energy consumption based on the mathematical model is estimated to be 150.2 kWh,
with an absolute error of 1.6 kWh and a total deviation of about 1.1%. Each estimated step
in the operating line is about 60 m, and the number of estimates is about 300 times, with an
average deviation of 0.005 kWh in the final energy consumption per estimate. The above
results show that the energy consumption estimation model based on real train-speed
trajectory is reliable enough.



Electronics 2025, 14, 4939 16 of 23

Table 3. The comparative experiment for estimating the energy consumption of a real trajectory.
∆E′ = EBP − Emath and δe = ∆E′/Emath · 100%.

THSC-SZL SZL-KXC KXC-SY SY-SX SX-CP CP-JK

Emath (kWh) 21.34 15.49 8.40 23.92 32.53 48.56
EBP (kWh) 21.50 15.85 8.62 24.33 32.80 48.81
∆E′ (kWh) 0.16 0.36 0.22 0.41 0.27 0.25

δe (%) 0.75 2.32 2.64 1.7 0.83 0.51

(m
)

−

10,000 15,000 20,00012,500 17,500

Figure 7. The comparative experiment for estimating the energy consumption of a real trajectory.
E_math represents the train-operation energy consumption calculated based on the train-operation
mathematical model, and E_BP represents the train-operation energy consumption derived from the
train-operation energy estimation model.

3.4. Reinforcement Learning Trajectory Optimization—Unchanged Initial State

As observed in Figure 8 (and similarly in Figure 9), there are obvious fluctuations
in the Loss and Return curves during the early stage. These fluctuations are primarily
attributed to the random exploration noise added to the actions. This mechanism is
essential to prevent the agent from converging to local optima prematurely, encouraging it
to explore the action space extensively. As the training progresses, the policy matures, and
the exploration noise gradually decreases. After approximately 300 episodes of exploration,
the return improves significantly. By the 1600th episode, the fluctuations diminish, and the
curves show a steady trend with upward optimization changes in less than 0.01, indicating
that the model has achieved stable convergence.

As shown in Figure 10, the velocity fluctuation of the optimization trajectory of the
reinforcement learning algorithm based on the mathematical model and the energy esti-
mation model is stronger than that of the optimization trajectory based on the dynamic
programming method, but the three are similar in the trend of the force trajectory. The
energy consumption of velocity trajectory optimization based on a mathematical model is
23.30 kWh, that of velocity trajectory optimization based on an energy estimation model
is 23.32 kWh, and that of dynamic programming is 23.26 kWh. The energy consumption
deviation of the three is within 0.1 kWh, which is almost the same. However, the veloc-
ity trajectory of the real curve is quite different from that of other tracks, and the energy
consumption is 24.4 kWh, which consumes more than 1 kWh of extra energy. In terms
of energy saving, the effect of the optimized speed trajectories is similar and far better
than the real speed trajectories. To further verify the feasibility of the proposed method
for online application, we recorded the computational time required for a single inference
step. Based on the experimental hardware environment (Intel i7-12700F CPU and RTX
2070 SUPER GPU), the average computation time for generating a single control action is
approximately 0.002 s (2 ms). In practical engineering, the control cycle of an Automatic
Train-Operation (ATO) system is typically set between 100 ms and 500 ms to ensure precise
tracking and passenger comfort. The inference time of our model is significantly lower than
the minimal real-time control requirement (2 ms ≪ 100 ms), leaving sufficient margin for
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data communication and safety checks. This empirical evidence confirms that the proposed
data-driven control strategy is computationally efficient enough to be deployed for real-time
online train control.
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Figure 8. The return and loss function curves of the reinforcement learning algorithm whose initial
state does not change during training.
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Figure 9. The return and loss function curves of reinforcement learning algorithm whose initial state
changes during training. The initial state of the train is a combination of mass intervals of 5 t from
205 t to 270 t and time intervals of 10 s from 130 s to 200 s, and the test return is the total return of
112 initial state optimization tracks.
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Figure 10. The comparison experiment of reinforcement learning algorithm optimization trajectory,
dynamic programming algorithm optimization trajectory and real running trajectory. The energy
consumption is calculated according to the velocity trajectory based on the mathematical model.

3.5. Reinforcement Learning Trajectory Optimization—Changed Initial State

As shown in Figure 9, at 150 episodes, after continuous training of the strategy network,
the test returns are in a state of rapid growth. Since the algorithm needs to adapt to changes
in initial running time and initial train mass, the problem optimized by the agent is more
difficult, and the volatility of test returns is strong before 1000 episodes. After 1000 episodes,
the loss function gradually converges steadily, and the upward optimization ability is
greatly weakened. As shown in Figure 11, the energy consumption assessment model
based on a BP neural network is used as the DDPG algorithm environment, and the initial
state of change is designed during the training process. The energy-saving performance
of the optimized speed trajectory with different initial running time and initial mass is
roughly between that of the dynamic programming algorithm with a unit speed of 0.1 m/s
and that of the dynamic programming algorithm with a unit speed of 1 m/s. In addition,
the algorithm has good adaptability to different train masses, and the optimization effect
above 220 t is almost equivalent to that of the dynamic programming algorithm with a unit
speed of 0.1 m/s.

As shown in Figure 12, after the train receives the signal of early or late arrival at the
terminal at 800 m, the algorithm can adjust the running state in real time and generate the
optimized speed trajectory of the subsequent sections. A curve that increases the planned
time midway and decelerates appropriately at nodes to delay arrival at the end. A curve
that reduces the planned time halfway, however, accelerates appropriately at the node to
reach the end ahead of schedule. As shown in Table 4, compared to the original trajectory,
the optimized trajectory can reduce energy by about 0.5 kWh through braking recovery
after increasing the setting time by 20 s. In addition, the deviation of the end time of the
adjusted trajectory is about 1 s. The trajectory still maintains a certain optimization effect of
energy saving and punctuality.
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Figure 11. Comparison experiment of energy optimization effect under different running times and
train masses. DP_v0.1 means that the discrete unit speed of the train is 0.1 m/s, while DP_v1 means
that the unit discrete speed of the train is 1 m/s.
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Figure 12. Comparison experiment of real-time adjustment of train trajectory after receiving a delay
and an early arrival signal at 800 m. Plus indicates that a late arrival signal is received. Minus
indicates that a signal is received that a late arrival signal is received.

Table 4. Experimental results of online adaptation of the algorithm to the change in the running time
of the midway plan. The time in the third row represents the absolute deviation between the actual
arrival time and the final set arrival time.

E/T −20 s −10 s Original +10 s +20 s

Energy (kWh) 24.87 24.00 23.28 22.98 22.76
Time (s) 1.0 s 1.2 s 0.5 0.9 0.3

4. Conclusions
This paper presents a train-speed trajectory-optimization method based on the combi-

nation of a data-driven energy consumption estimation model and the DDPG algorithm.
The basic resistance in train operation is an important source of energy consumption in
train operation. Based on the real subway operation data, this paper analyzes the key
unit basic resistance coefficient in train operation. Based on the identified mathematical
model, the experimental data of train-operation energy consumption with random noise are
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generated, and a reliable and effective BP neural network is obtained through the training
of a large number of data sets to complete the data-driven energy consumption estimation
model. Finally, based on the DDPG algorithm, combined with expert knowledge and
an energy consumption estimation model, the algorithm designed the action adjustment
mechanism and reward, completed the optimization training of the reinforcement learning
strategy network, and obtained the optimal strategy network. The experiment shows
that the identified basic resistance of the train can reflect the real operation of the train
to a certain extent, and its goodness of fit is above 0.9, which is suitable for the training
source of the energy consumption estimation model. The training process of the energy
consumption estimation model has a good convergence effect, which can adapt to the
influence of different train masses, gradients, curve radii, tunnel lengths, and running
lengths. The average absolute deviation of the test set is about 0.01 kWh, which represents
the difference between the energy consumption estimated by the model and that generated
by the mathematical model. In terms of the energy consumption estimation of the real
speed track data, the total deviation of energy consumption of the six journeys is about
1.1%. The energy consumption deviation of the optimization trajectory of the reinforcement
learning algorithm based on the energy consumption estimation model, the reinforcement
learning algorithm based on a mathematical model, and the dynamic programming al-
gorithm is less than 0.1 kWh. In addition, the reinforcement learning algorithm based
on the energy consumption estimation model can be adaptive to the changes in different
train masses, different initial train-running times, and mid-train-running times, and can
adapt to the impact of different state changes in real time, while maintaining energy saving
and punctuality.

However, there are certain limitations to this study that should be noted:

• Dependence on Synthetic Data: Although the training data are synthetic, it is generated
based on parameters strictly regressed from real-world operation data of Guangzhou
Metro. The simulation environment functions as a “Digital Twin” of the specific
track section, maintaining high fidelity to the actual physical dynamics. However, we
acknowledge that the gap between this high-fidelity simulation and the stochastic raw
sensor data in real-time operations still requires further validation.

• Model Simplicity: Compared to modern deep learning techniques (e.g., LSTMs
or Transformers) that capture long-term temporal dependencies, the proposed BP
neural network is relatively simple. While this ensures computational efficiency
for real-time control, it may limit the prediction accuracy under highly dynamic
transient conditions.

• Sim-to-Real Gap: There is a potential risk of the RL policy overfitting to the estimated
energy model rather than the true physical system (the “Sim-to-Real” gap). Although
our resistance regression mitigates this, further validation on real-world hardware
is required.

• Computational Load: While our experimental analysis (Section 3.3) shows a low
inference time (2 ms), this is based on a PC environment. A rigorous analysis of the
computational load on embedded onboard controllers remains to be conducted.

Future work can use a large number of real train-operation data to train energy
consumption estimation models to achieve better results. In addition, the influence of
power grid, energy storage, and other factors on the EETC problem can be considered.
Crucially, regarding the model’s generalization boundary: While the model shows good
adaptability to internal state changes (mass and timing), applying it to lines with drastically
different characteristics (e.g., different traction systems or open-air environments) may
require transfer learning techniques. Exploring transfer learning to enhance the model’s
cross-line generalization capability will be a key focus of our future work.
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