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Abstract—The modeling complexity of the traction power
system and variation of traffic conditions bring challenges for
the optimization of energy management strategy for superca-
pacitor energy storage systems in urban rail transit. Therefore,
in this paper a deep-reinforcement-learning-based energy man-
agement strategy is proposed: the energy management system
is modeled as an intelligent agent, the reward function is
formulated comprehensively considering the energy-saving and
voltage-stabilizing effects of supercapacitor, a traction power
system simulator is developed to emulate the environment, and
the agent’s behavior is improved in each headway through the
deep Q-learning algorithm, and converges to the nearly-optimal
policy. The proposed strategy is verified through simulation based
on the Beijing Subway Batong Line. The study results show
that it dynamically adjusts the voltage thresholds so as to better
allocate the supercapacitor capacity along the time horizon.
The energy-saving and voltage-stabilizing effects are significantly
improved compared with the fixed-threshold strategy and genetic
optimization, and demonstrating to be in close proximity to the
optimal benchmark deduced from dynamic programming.

Index Terms— Supercapacitor energy storage systems, energy
management, reinforcement learning, urban railway.

I. INTRODUCTION

N RECENT years, wayside energy storage systems for

urban rail systems have been widely investigated, with the
aims of recycling the considerable regenerative energy and
stabilizing the network voltage [1], [2]. Supercapacitors, which
have an advantage of high power density, possess great poten-
tial for energy recovery [3], [4]. In general, the supercapacitor
energy storage system (SCESS) plays the role of an energy
buffer, which releases energy when the train is accelerating,
and recycles the surplus energy when the train is braking,
achieving a good balance of charge and discharge. Therefore,
energy management strategy (EMS) has a significant impact
on the energy recycling ability of SCESS.
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At present, different energy management strategies have
been proposed in literatures, and these can be classified into
three categories, i.e. the line-voltage-based strategy, the state of
charge (SOC)-based strategy, and the optimal control strategy.
The line-voltage-based strategy sets charge and discharge volt-
age thresholds for SCESS, and determines the working mode
on the basis of network voltage [5], [6]. The working states of
supercapacitor were managed by the state machine in [7], [8].
The relationship between the energy saving amount and thresh-
old value was presented in [9], and the optimal thresholds
were obtained from the gradient descent method. However,
the energy recycling effect is affected by numerous aspects,
such as the no-load network voltage and the trains’ operation
states, thus the formula cannot be determined explicitly. As for
the SOC-based strategy, Petar J proposed a three-loop control
structure, which implemented accurate tracking of SOC with
the supercapacitor voltage controller [10]-[12]. The expected
SOC was calculated with reference to the train’s kinetic
energy in [13]-[15]. Nevertheless, tracking of the expected
SOC and matching with vehicle power demand could not be
satisfied simultaneously. In addition, the charge energy could
not be accurately predicted as multiple trains, substations and
ESSs perform energy interaction through the supply network.
For the optimal control strategy, a dynamic programming
(DP)-based energy management strategy was proposed with
the goal of minimizing the energy dissipation on the braking
resistor in [16]. However, DP suffers from the curse of dimen-
sionality and is unable to be realized in real-time. An EMS
based on model predictive control (MPC) was evaluated in a
hybrid system of tramway [17]. MPC implements on-line sub-
optimal control, however, the performance is influenced by the
prediction accuracy and temporal horizon. Zhang proposed a
real-time EMS based on equivalent consumption minimization
strategy (ECMS) with velocity forecasting, and the equivalent
factor (EF) was regulated by an adaptive law considering
the predicted velocity [18]. However, the complexity of the
traction power supply system in urban rail transit makes it
difficult to solve the optimal control strategy of energy storage
systems analytically. And the performance of the theoretical
solution cannot be guaranteed due to the inevitable model
error and system operation deviation. Besides, the distance
between the train and SCESS, the train powers, the fluctuation
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of substation no-load voltage, etc have significant influences
on the energy saving effect of the SCESS. It’s challenging to
adjust the control parameters adaptively with respect to the
change of system states.

In recent years, the rapid advancement of artificial intel-
ligence inspires us to tackle the energy management prob-
lem with data-driven approaches. Compared with supervised
learning and unsupervised learning, RL does not rely on a
supervisor, it aims to optimize the sequential decision process
through the mechanism of “trial and error”. The intelligent
agent takes actions, obtains feedbacks of reward signals and
makes online improvement of its policy to maximize the
accumulative rewards. Recently, The RL algorithms, combined
with deep learning, have achieved significant progress, and
show strong performance in different test environments, such
as Atari video games [19]-[21] and chess playing [22], [23].
Deep learning models progressively extract higher level fea-
tures from raw input. Therefore, when they are trained to
approximate the value functions in RL, the curse of dimen-
sionality with tabular approach is effectively avoided, and they
enable the DRL algorithms to be a powerful tool to solve
complex control tasks end to end. DRL has been also drawing
increasingly attention in various application fields, such as
traffic signal control [24] in traffic systems, optimal power
management [25], [26], robotics and so on. In this paper,
the deep Q learning algorithm, which is the first success and
one of the most representative DRL algorithms, is adopted to
implement real-time and nearly-optimal energy management
of SCESS in the complex traction power system. It adjusts
the control parameters dynamically with respect to the states
of multiple trains, the substation and SCESS, performs online
learning within each headway, so that it continuously improves
its policy and achieves optimization of energy saving and
voltage stabilization effect.

This paper is organized as follows: First, the working
principle and basic control strategy of SCESS are presented.
Then, the mathematical model of the power supply system
is introduced, based on which the optimal control problem
of the SCESS is formulated, comprehensively considering
the voltage stabilization and energy saving purposes. Next in
Section III, the reinforcement learning framework for SCESS
is established, in which the states, actions, rewards of the learn-
ing agent are defined, and the deep Q-learning algorithm is
presented. Finally, the DRL-based strategy is verified through
simulation based on Beijing Metro Batong Line, and compared
with the fixed-threshold strategy, the genetic algorithm and DP.

II. PROBLEM FORMULATION
A. SCESS and Its Control

In the DC traction power supply system of urban rail
transit, the trains are generally supplied by the unidirectional
24-pulse wave diode rectifiers in traction substations, as seen
in Fig. 1. In order to effectively utilize the trains’ regenera-
tive braking energy, the supercapacitor-based energy storage
system (SCESS), which consists of the DC/DC converter and
supercapacitor modules, is installed in the traction substation,
as shown in Fig. 1. The line-voltage-based control strategy is
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employed to manage the charge/discharge power of SCESS,
as seen in Fig. 2. When there are trains braking near the
SCESS, and the substation voltage rises higher than the charge
threshold, the SCESS works in the charge state, the surplus
braking energy is recovered by the supercapacitor. When the
trains accelerate, and the substation voltage drops lower than
the discharge threshold, the SCESS discharges to stabilize the
network voltage at the discharge threshold.

In order to track the voltage reference value and imple-
ment control of charge/discharge power, the double-closed
loop control structure of the DC/DC converter is adopted,
as seen in Fig. 3. The outer-loop proportional-integral(PI)
controller Gy, regulates the network voltage, generating a
reference current for the inner loop. The reference current is
restricted by the current limiter so as to prevent overcurrent
of supercapacitor. And the inner-loop controller Gj. regulates
the supercapacitor current at the reference value by adjusting
the duty cycles of the IGBT driving pulse. Gy and Gj. are
expressed as (1) and (2), respectively.

Ki,v

Gvc = Kp,v + S (1)
Ki.i

Gic = Kp,i + B (2)

where Kpy, Kp; are proportional coefficients of the two
controllers, and Kj y, Kj; are the integration coefficients.
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Fig. 4. The circuit model of the traction power supply system.

B. Modeling of Power Supply System

The equivalent circuit model of the traction power supply
system is depicted in Fig. 4. uss and iy represent the voltages
and currents of substations, and u#; and i; denote the train
voltages and currents, respectively. r is the unit resistance
of the contact line, /;, I, L, and L, are distances between
nodes. They satisfy the nodal voltage equation, as in (3),
shown at the bottom of this page. Due to the movement
of trains, the topology of the network and line resistances
between trains and substations is time-variant. In order to
obtain the voltage-current relationships(VCR) of each element,
their mathematic models are presented in this section.

1) Substations: Considering the output characteristic curve
of the rectifier [27], the substation is modeled as a voltage
source that is in series with a diode and an equivalent
resistance, and its volt-ampere characteristic equation is shown
in (4).

“)

where ugp and Ry are the no-load voltage and equivalent
resistance of the substation.

2) Trains: In the urban rail system, the trains have four
operating states, namely traction, cruise, coasting and braking.
When the train operates under the traction condition, it absorbs
power from the network, and converts the electrical power to
the mechanical power through the traction drive system. When
the train is braking, the dynamic energy is converted to electric
energy and released to the power network. Therefore, the train
is modeled as a power source, and its current is derived from
the train power and DC bus voltage.

D

Ugs = Uss0 — Rys - i55,155 > 0
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where iy and p; are the DC-side current and power of the
traction converter, respectively, and u; is the DC bus voltage.

It is important to note that the pantograph voltage will rise
rapidly when the train brakes and there is no adjacent traction
train. In order to prevent overvoltage, the braking resistor
will start and consume part of the braking energy, as shown
in Fig. 5.

3) Supercapacitor: The supercapacitor is modeled as a
voltage source in series with the equivalent internal resist-
ance [28], [29], as seen in Fig. 6. C is the capacitive part of
the supercapacitor model, and represents the charge-holding
capability; R is the equivalent internal resistance. ug. and
isc respectively represent the terminal voltage and current
of supercapacitor. Therefore, the relationship between the
supercapacitor current and voltage can be obtained, as seen
in (6) and (7) . And the state of charge (SOC) of supercapac-
itor, which represents the ratio of stored energy to its nominal
energy, is expressed as (8):

t
uc(t) = L/ isc(T)dT + Uco (6)
Csc 0
use(t) = uc(t) + Ry 'isc(t) (7
2
SOC = @®)
UE nom

where U is the initial voltage of supercapacitor, and ¢ nom

5
" Uy ) is the nominal voltage of supercapacitor.
1 1 1 1 y
— + — - - 0 0
rly  rL, r111 rll,a
e —— —‘l_ -, < N () () Usgsl iSSl
o ety .\ (e _Jl:)1 L1 | 1 i i )
- —_— — "t — + — - - Ussd | = | Iss2
rL, r(Lo—1l1) rL, r(Ly—1) rlh rLp rl> rLp L;:z ;:2
0 0 : + : : j
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0 0 —_— _— —4—
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C. Optimal Control Problem of SCESS

It’s seen from Fig. 2 that the setting of the threshold volt-
ages affects the charge/discharge power of the supercapacitor
and substation voltage, which accordingly affects the voltage
distribution of the traction network and energy flow among
the energy storage system, substation and trains. Therefore,
in order to improve the energy efficiency and reduce the volt-
age fluctuation of the traction network, the threshold voltages
should be optimized and adjusted dynamically. The optimal
energy management problem for the SCESS is formulated as
finding the decision sequence that maximize the performance
index J while satisfying the constrains, as seen in (9).

max J =w - 0%+ (1 —w) - e%

u(t)

KVL equations
VCR equations,
|isc| = Ilim

SOCmin =< SocC =< SOCmaX

s.I.

©)

1) Objective Function: The optimization objective J is
expressed as the weighted sum of energy saving index e%
and voltage stabilization index v%, and @ is the weighting
factor. e% and v% are defined as (10) and (11), respectively.

Z fO Sub _J Sub_/dt

e=\|1- x 100%  (10)
2
where
Ugyp j» Wy ;- the voltage of substation j with and
without SCESS;
i oL i?ggcj: the current of substation j with and
without SCESS;
n: the number of substations.
Nt
> [ Ahu At + f Alu dt
k=1 |A,T
0%=11-— x 100%
Nt
> [ Ahu”"scdt—i— f Alu”"“dt
k=1|A,T
(11)
where

A, T: the time interval when the train voltage is higher

than uy;

A;T: the time interval when the train voltage is lower

than u;;

Apul pk, Ap, u””“ the difference between the k-th train

voltage and uh with and without SCESS.

Aju’ pk’ A hu’;‘,’(sc: the difference between the k-th train

voltage and u; with and without SCESS.

N;: the total number of trains in the line section.

Therefore, e% represents the percentage of energy reduction
amount after installing SCESS. The voltage stabilization effect
is evaluated by the integration of difference between the train
voltage and the upper/lower value.

1153

Environment: power supply system

Isub. Usub. Ut

Reward
Signal:

Train states

‘ ' sub l 'S¢

SC states .
. Action;
Supercapacitor .
EMS ch? “ds
Intelligent agent
Fig. 7. Diagram of reinforcement learning framework for supercapacitor

energy storage system.

2) Decision Variables: The decision variable u(r) is the
combination of charge and discharge voltage threshold at
time ¢, as seen in (12).

u (t) = [uen (t), ugs (1)1

3) Constraints: The constraints of the optimal control prob-
lem include the Kirchhoff circuit equations of the power
supply system (as seen in (3)), the VCR equations of each
elements(including (4), (5), (6), (7) and (8)), and the oper-
ating restrictions of the SCESS, i.e. the SOC and current of
supercapacitor should be within the permissible range.

(12)

III. DRL-BASED ENERGY MANAGEMENT STRATEGY
A. Reinforcement Learning for SCESS

The reinforcement learning problem is one in which an
agent attempts to achieve the control objective through the
interaction with the environment. The block diagram of the
RL model for SCESS is shown in Fig. 7. The supercapacitor
energy management system is modeled as an intelligent agent
which performs learning and decision-making, while the trac-
tion power system is regarded as the environment. The agent
observes the environment state and its own state, executes
specific actions, which influences the environment, and causes
the environment to generate a corresponding reward signal.
Then the agent improves its policy with respect to the obtained
reward, so as to maximize the accumulative rewards during
the time horizon. The model elements, including the state s,
the action a and the reward r are defined below.

1) State s: s consists of operating states of trains which
are near the SCESS, SOC of the supercapacitor, the rectifier
current and voltage of the substation where the SCESS is
installed. In this paper, it’s assumed that the train-to-ground
communication is realizable, so the energy management sys-
tem obtains the train information. s is denoted as:

(13)

sz[dlapla"' 9dN’pN’SOC’iSé‘9uSS]

where di and py represent the displacement and power of the
k-th train, respectively.
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2) Action a: The action of SCESS is defined as (12). And
the policy determines the behavior of the agent, which is a
mapping from the state set S to the action set A: 7 : § — A.

The action set A contains all possible actions. In this paper,
we consider the range of voltage fluctuation in substations
and discretize the charge/discharge thresholds to obtain A,
as shown in (14).

A = {[usso — ki - Au, ugg0 + k2 - Aul; ki, ko € [1, N]} (14)

where ugg is the no-load voltage, Au is the unit change value
of voltage threshold.

3) Reward r: The reward signal r is the feedback of the
environment to agent’s action, and the goal of agent learning is
to obtain the maximum cumulative reward. In this paper, r is
defined as the increment of energy-saving rate and voltage
stabilization rate in each time step AT, as shown in (15),
the weight coefficient w is taken as 0.5.

r=-05-Av% —05-Ae% (15)

B. Deep Q-Learning Algorithm

The Q learning algorithm (Watkins, 1989) is one of rein-
forcement learning algorithms that learns the optimal strat-
egy through empirical sampling under the condition that the
Markov decision process (MDP) is unknown. Q (s,a) is
defined as the expected cumulative reward when the agent
performs action a at state s, and follows a certain policy in
subsequent steps. It evaluates the benefit of the action taken
in a particular state. The Q-learning algorithm belongs to the
off-policy temporal difference (TD) strategy, which uses the
TD target to estimate the action-value function. It attempts to
find the optimal action-value Q* by value iteration, and the
updating formula of Q (s, @) is formulated as (16).

O (st,ar) < QO (sr,ar)
+a [riq1+y -maxqQ (sp1,a) — O (s, a1)| (16)

In (16), ri+1 + 7 - max, Q (541, a) is the estimated return,
which is calculated without model knowledge of the MDP. a is
the learning rate, and y is the discounting factor. The larger
y means the agent tends to consider more about the future
rewards.

However, the tabular Q-learning algorithm is unable to deal
with continuous states, and suffers from curse of dimen-
sionality when the discretized state-action space is large.
In this paper, the state s is expressed as (13). If there
are N, trains near the SCESS, the train power and dis-
placement are discretized with P; and D, feasible values,
respectively, and the SOC of supercapacitor is discretized with
M, feasible values, the substation current and voltage are
discretized with N, Nis elements, respectively, and there are
N, actions for each state, then the state-action table will have
E = NyMyNigNys (P, D)V elements. Take N; = 8, P; = 10,
D; = 10, My = 100, N;z = 100, N,s = 10, N, = 18, then
E = 1.8-10%?, which causes curse of dimensionality.

Therefore, the value function approximation method is
used to improve the efficiency and generalization ability. The
action-value Q is approximated by an artificial neural network
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TABLE I
THE DQN-BASED ENERGY MANAGEMENT ALGORITHM

Initialize replay buffer B, Q-network () with random weights w
and initialize target network Q’ with zero weights w™
Repeat (for each episode):

Initialize operation states s for the traction power simulator

Repeat (for each step of episode):
Choose a from s with ¢ -greedy policy, as seen in (18)
Execute action a in the traction power system simulator
The simulator solves the circuit equations, transforms the system
state to the next state s’, and the agent gets reward signal r
Store the transition (s, a,r,s’) in B
Sample a mini-batch of transitions from B
Update w of Q-network with gradient descent on (17)
w™ 4« w for every n steps

Until s is terminal

Until stopping criterion satisfied

with parameters w, i.e. Q (s, a) ~ Q (s, a; w). The Q-network
is trained by gradient descent to reduce the mean squared
error between the target-network and the Q-network, as seen
in (17). N is the mini-batch size, and @™ is the weight of the
target-network. In order to break the correlation of the training
data and improve stability, the experience tuples (s, a,r,s' ) are
stored in the replay buffer, and later sampled randomly for
network training [20]. The DQN-based energy management
algorithm is shown in Table. I.

1l < 2
L=+ > [Vk+V max O (s, ax’; 07) — O (s, ax; w)}
k=1 “
a7)

In order to realize the trade-off between exploration and
exploitation, i.e. the agent takes full advantage of the obtained
experience while continues to explore the unknown envi-
ronment, the ¢ — greedy policy is used for action selection,
as seen in (18). The agent chooses the greedy action with
probability 1 — ¢, and a random action with probability ¢.

1 —¢, argmax Q (s, a)
acA
€, otherwise

7 (als) = (18)

C. Training Implementation

The training process is implemented by the interaction of
DQN-based strategy with the DC traction power environment,
as seen in Fig. 10. We use the fully-connected neural network
to approximate the Q-values, as seen in Fig. 8. The input of the
Q-network is the normalized state vectors with 19 components.
Followed by the input layer are three hidden layers, which
respectively have 512, 256 and 128 neural units. The rectified
linear unit (RELU) is used for activation of the hidden layers.
The output layer is fully-connected with linear activation func-
tion, it outputs the action-value Q (s, a;) for each action q;.
Adam is used to update the weights of the Q-network. The
DQN-based strategy is realized with TensorFlow on a personal
computer with a 6-core CPU.
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Fig. 8. The architecture of Q-network.

The traction power system simulator has been developed
in a number of previous studies [7], [30]-[32]. In this work,
the simulator is built in Matlab/Simulink. It is capable of
emulating multiple-train operation under different headways
in a two-side feeding power network. The energy dissipation
of on-board resistors is also considered so the distribution of
regenerative braking energy is well depicted. The simulator
is developed in a modular manner, it consists of the train
operation calculation module, energy storage module, and
power network module. The power network module is further
divided into the equivalent train model, contact line resistance
model and substation model, as described in Section II-B.
In order to deal with the time-variance of circuit topology
and parameters caused by train movement, the fictitious train
in each section between two substations is used in simulation.
The powers of fictitious trains are deduced from the multi-train
operation calculation, and the contact line resistance changes
with the train displacement. The implementation process of
the simulator is as follows: First, the displacement-time and
power-time curves for a single train are calculated with
the fixed-time traction calculation algorithm, and they are
distributed to the fictitious trains in different sections given
the headway. Also, the action generated by the DQN-based
strategy is sent into the energy storage module. Then, the KVL
equation at the current time instant is solved by means of
DC-power calculation to obtain the currents and voltages of
the substations, trains and on-board braking resistors. Finally,
the SOC of the supercapacitor, the powers and displacements
of the trains are updated, and the system transfers to the next
time state.

IV. SIMULATION STUDIES
A. Simulation Conditions

In order to verify the DQN-based energy management
strategy, a case study is presented here based on the Beijing
Subway Batong Line. The route map of the Batong Line is
shown in Fig. 9. It has a total length of 18.96 km, with
13 passenger stations. In this paper, the section between
Sihui Station and Shuanggiao Station is chosen for simulation,
and the SCESS is assumed to be installed in Gaobeidian
Station. The simulation section includes five substations, and
the station distances are shown in Table. II.

The parameters of the vehicle, power supply system and
supercapacitor module are listed in Table. III. The train is
composed of six B-type cars, and the total mass is 279.6 t
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The route map of beijing batong line.

TABLE 11
STATION DISTANCES OF THE SIMULATION SECTION

Section number Section Distance(m)
1 Sihui-Sihuidong 1715
2 Sihuidong-Gaobeidian 1375
3 Gaobeidian-Chuanmeidaxue 2002
4 Chuanmeidaxue-Shuanggiao 1894
TABLE III
SIMULATION PARAMETERS
Parameters Values Unit
train set 3M3T -
weight(AW?2) 279.6 t
maximum speed 80 km/h
motor rated power 180%*12 kW
motor efficiency 92 %
regenerative limiting voltage 900/970 \Y%
no-load voltage 860 \%
equivalent resistance of substation 0.0161 Q
pantograph resistance 0.015 Q
contact line unit impedance 0.007 Q/km
rail unit impedance 0.009  Q/km
rated voltage of SC module 48 \Y%
rated current of SC module 130 A
rated capacitance of SC module 165 F
equivalent series resistance of SC module 6.3 mS2

under the standard load condition (AW2). The metro line
is supplied by a DC 750V two-side feeding traction power
system. The no-load voltage of substation fluctuates with the
change of urban power load, and in this paper is set at 860 V
for simulation. The SCESS is connected with 15 Maxwell
48-V/165-F modules in series and 14 in parallel. The rated
power is 1.3MW, and the total stored energy is 8.4kWh.

B. Simulation Results

A multi-train operation cycle under the headway of 360s
is used for simulation studies. The train power-time curves
and displacement-time curves are shown in Fig. 13(a) and (b),
respectively. The detailed training parameters of the
DQN-based strategy are listed in Table. IV. The discount-
ing factor y reflects the consideration of future rewards.
In this paper, it’s set at 0.99, so the energy saving effect
and voltage-stabilization effect in the long run will be taken
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Fig. 10. The training structure of DQN-based strategy.

TABLE IV
TRAINING PARAMETERS OF DQN-BASED STRATEGY

Parameters Descriptions Values
« learning rate 1xe 3
Ny batch size 32
Ny replay buffer size 1000000
ft target update frequency 10000
discounted factor 0.99
€ probability of exploration  decay with time
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Fig. 11. The converging curve of the DQN-based strategy.

into account. In order to achieve the trade-off between the
exploration and exploitation, in this paper, ¢ decays with time
in a piecewise manner: ¢ reduces linearly from 1 to 0.1 after
1 x ¢® steps, and continues to decay until 1 x e’ steps, then
finally remains constant at 0.01. Fig. 11 shows the iteration
curves of the DQN-based strategy with different exploration
parameters. When ¢ is large (¢ = 0.5), the agent interacts
with the environment more stochastically, which is less likely
to produce good training data, thus the final episode rewards is
relatively low. When ¢ is small (¢ = 0.01), the average rewards
are much better than that when ¢ = 0.5. However, as the
agent hardly explores, it’s not easy to find better solutions.
And when ¢ decays with time, the agent chooses good actions
and generates more effective data to improve its policy while
keeps the ability of exploring. Therefore, it achieves good
trade-off between exploration and exploitation, and the final
mean reward is better than that when & is constant.

DQN-based strategy

0.2 . .
§0.15 Fy 1
©
5 Experiment 1
o 0.1F Experiment 2 |
% Experiment 3
Qo Experiment 4
8 0.05 1 Experiment 5 |

Experiment 6
Experiment 7
0 I L L 1
0 20 40 60 80 100
Number of generations
Fig. 12. The iteration curves of of GA.

In order to better evaluate the performance of the
DQN-based strategy, the fixed-threshold strategy and the
energy management strategies based on genetic algo-
rithm (GA) and dynamic programming (DP) are also presented
for comparison. DP solves the optimal control problem based
on Bellman optimality principle, and achieves global opti-
mization on the premise that the traffic condition is known in
advance [33], [34]. However, it cannot be implemented online
because of lacking the prior knowledge and high computation
complexity. Therefore, in this work DP is adopted as an
offline optimal benchmark for performance evaluation. For
the fixed-threshold strategy, the supercapacitor is encouraged
to charge/discharge as possible, thus the threshold voltages
are set near the no-load voltage of substation, i.e. ucp, fix =
861V, ugs rix = 859V. And for the GA-based strategy,
the charge/discharge voltage thresholds are optimized with
the genetic algorithm. GA is an evolutionary algorithm which
is inspired by the natural selection mechanism, and the fit-
ness function of the population is improved with the genetic
operators, including selection, crossover and mutation. As the
parameters of the algorithm have an important influence on the
results, seven sets of experiments with different parameters
are presented. The optimization parameters and results are
listed in Table. V. The population size (denoted as N,) is
set at 25, 35 and 50, the crossover fraction (denoted as py)
is chosen within range [0.4,0.99] and the mutation fraction
(denoted as p,,) is chosen within range [0.01,0.1]. Fig. 12
shows the evolution curves of the objective function. It’s seen
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Fig. 14. The operating curves under different strategies. (a) Charge/discharge threshold voltages. (b) SOC of supercapacitor. (c) Substation voltage. (d) Energy

consumptions on braking resistors.

that the under different parameters, the objective function is
improved, and converges to nearly 0.177. When p,, is small,
it’s hard to keep population diversity, the algorithm is trapped
in the local optimum (as seen in experiment 1); and when
pm 1s large, it tends to random search, which is not benefit
for generation evolution, thus the convergence speed is much
slower in experiment 3. Also, small values of p, and N, make
it hard to produce new individuals, and take more iterations to
converge. In experiment 2, the individuals with good fitness
functions are reserved as possible and new individuals are also

generated to maintain the population diversity, so it obtains the
best objective value, and the results of it are used in strategy
verification.

Fig. 14, 15 and 16 compares the simulation results
under EMSs based on DQN, fixed-thresholds, GA and DP.
Figs. 14 (a), (b), (c) and (d) respectively present the curves
of threshold voltages, the supercapacitor SOC, the substa-
tion voltages and energy dissipated on braking resistors.
Figs. 15 and 16 show the pantograph voltages and brak-
ing resistor currents of the trains. It can be observed from
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TABLE V
THE PARAMETERS AND RESULTS OF GA
No. Np p pm  Best values Best solutions
1 35 0.5 0.01 0.1765 { 858.9, 885.8}
2 35 05 005 0.1771 { 858.9, 879.0}
3 35 05 0.1 0.1765 { 857.8, 876.8}
4 35 04  0.05 0.1768 { 857.7, 880.1}
5 35 0.7 0.05 0.1769 { 857.9, 878.3}
6 25 0.5 0.05 0.1771 { 857.6, 880.6}
7 50 0.5 0.05 0.1769 { 858.8, 876.8}
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Fig. 15. The pantograph voltages of trains.
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Fig. 16. The braking resistor currents of trains.

Fig. 14 that during time interval 77, when the 1-st uplink
train accelerates, and the 2-nd downlink train brakes (as seen
in Fig. 13), the braking energy of down-link train 2 is absorbed
by the SCESS under the fixed-threshold strategy, and the
SOC of supercapacitor immediately rises to its upper limit.
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TABLE VI
COMPARISON OF ENERGY STATISTICS UNDER DIFFERENT CONDITIONS

without  fixed- deep Q-

ESS threshold ~ O®  leaming DF
total traction
eneray(KWh) 1371 1371 137.1 1371 137.1
total braking
energy(kWh) 94.4 94.4 944 944 94.4
braking resistor
loss(kWh) 38.8 27.1 2492 24.30 24.25
line loss (kWh) 1297 1321 1339 1345 13.40
total output energy o, ¢ 80.89 7883 7828 7820

of substation(kWh)

Therefore, in the subsequent time interval 75, when the
2-nd uplink train and the 1-st uplink train brake, the SCESS
is not able to recover the braking energy, the pantograph
voltages rise rapidly, and the braking resistors start. However,
under the DQN-based strategy, the braking energy of the
2-nd downlink train is absorbed by the powering train 1
during interval 77, and the supercapacitor leaves a certain
capacity to recover regenerative energy during 73, reducing the
energy dissipation on the braking resistors and suppressing the
voltage rise. Similarly, during time interval 74 (when two trains
brake simultaneously) and 75 (when multiple trains traction
successively), the supercapacitor rapidly charges/discharges
to the upper/lower limit of SOC, and exits working under
the fixed-threshold strategy and GA optimization. However,
under the DQN-based strategy, the supercapacitor SOC is
managed appropriately to improve the voltage stabilization
effect. And it’s seen from Fig. 14 (b) that the SOC trajec-
tory of the DQN-based strategy is similar with that of DP.
Major difference is observed during 75. The discharge energy
of SCESS under DP is further reduced to maintain SOC
at a higher value, which enhances the power of SCESS.
Therefore, the DQN-based strategy adjusts the voltage thresh-
olds dynamically with respect to the states of trains, substation
and SCESS, optimizes the energy distribution of the system.
It achieves a better allocation of the supercapacitor capacity
with time, hence the SCESS is utilized more effectively to
recover the regenerative energy and reduce the network voltage
fluctuation.

Table. VI shows the energy statistics under different condi-
tions. Fig. 17 presents the distribution of the trains’ braking
energy. £y, is the energy loss on braking resistor, Ey. ¢, repre-
sents the energy recovered by SCESS, Ejjreraction denotes the
energy interaction between trains. Ep, is significantly reduced
after installing the SCESS. Under the fixed-threshold strategy,
Eyp, is reduced to 27.1 kWh, and 14.05 kWh of braking energy
is recovered by the SCESS. However, the energy interaction
between trains also decreases slightly to 53.25 kWh. This
signifies that the SCESS recovers the braking energy orig-
inally transmitted to the traction trains, which is inefficient
as it increases the load burden of SCESS and may result in
increase of line loss. However, under the DQN-based strategy,
the SCESS absorbs the part of braking energy that cannot
be utilized by the traction trains and increases the energy
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TABLE VII
COMPARISON OF EVALUATION INDEX UNDER
DIFFERENT CONTROL STRATEGIES
strategies  fixed-threshold ~ GA  deep Q-learning DP
e% 14.4 16.6 17.16 17.25
v% 12.5 18.8 48.8 51.07
J 13.5 17.7 33.0 34.16

interaction between trains by improving the voltage distribu-
tion of the system. Ejyserqction 18 enhanced to 56.24 kWh and
Eyp, is then further reduced to 24.30 kWh. The total energy
consumption of substations in one headway is 78.28 kWh
under the DQN-based strategy, which is 2.61kWh lower than
the fixed-threshold strategy, 0.55kWh lower than the GA-based
strategy, and deviates little from the DP benchmark. Therefore,
the DQN-based strategy effectively improves the energy effi-
ciency of the traction power system, and presents significant
energy saving potential for long-time operation.

Table. VII compares the evaluation indexes under the four
strategies. It’ seen that the control performance of the deep
Q-learning algorithm is significantly improved. Compared
with the fixed-threshold strategy, the energy saving rate e%
is increased by 2.76% and the voltage stabilization rate v % is
enhanced by 36.3%. In comparison with the results of GA,
the energy saving performance is similar. However, v% is
significantly improved. The objective value J reaches 33.0%
under the DQN-based strategy, which achieves 96.6% of the
DP benchmark, demonstrating that the DQN-based strategy
improves its policy by interacting with the environment, and
attains online nearly-optimal performance.

V. CONCLUSION

In this paper, a deep-reinforcement-learning-based energy
management strategy for SCESS in urban rail transit is pro-
posed, which implements real-time and nearly-optimal control
by adjusting control parameters dynamically with respect to
the states of trains, substations and SCESS. The proposed strat-
egy is verified through simulation based on the Beijing Subway
Batong Line. The study results show that, in comparison with
the fixed-threshold strategy and genetic optimization, it has
a better management of supercapacitor SOC, and the energy
interaction among trains is improved, so the SCESS is utilized
more effectively. Under the proposed strategy, the voltage
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stabilization rate reaches 48.8% and the energy saving rate
reaches 17.16%, which deviate little from the optimal solution.
In future works, the learning efficiency of the algorithm will
be improved by making full use of the pre-known information,
and it’s also significant to improve the transfer ability of the
algorithm, so it keeps good performance when transferring
from simulation to real environment, and new conditions that
has not encountered before.
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