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Abstract: The integration of renewable energy and hybrid energy storage system (HESS) into
electrified railways to build electric railway smart microgrid system (ERSMS) is beneficial for
reducing fossil fuel consumption and minimizing energy waste. However, the fluctuations of
renewable energy generation and traction load challenge the energy management effectiveness for
such a complex system. In this work, an energy management strategy is proposed which firstly
decomposes the renewable energy into low-frequency and high-frequency components by an
integrated empirical mode decomposition (IEMD). Then, a two-stage energy distribution approach
is utilized to appropriately distribute the energy flow among the ERSMS. Finally, the feasibility and
effectiveness of the proposed solution are validated through case study.

Keywords: hybrid energy storage system; electric railway smart microgrid system; integrated
empirical mode decomposition; two-stage energy distribution

1. Introduction

Nowadays, it has become a global consensus that we should fully utilize renewable energy
sources due to concerns regarding energy security and environmental degradation. As a typical
major energy consumer, the electrified railway system is with a strong demand for energy
conservation [1]. Renewable energy sources, photovoltaic (PV), wind power (WP), etc.,, can be
integrated with conventional traction power supply system (TPSS) which solely obtains electricity
from the public grid powering the electrified railway, forming an electrified railway smart microgrid
system (ERSMS) [2—4]. Apparently, the ERSMS is an energy saving and environmental-friendly
option [5-9]. However, both traction load and renewable energy sources are highly stochastic and
fluctuating. Potentially, this produces some power quality and transient disturbance issues to ERSMS
operation. In addition, the regenerative braking energy (RBE) generated by locomotives will be
injected to the overhead line, impacting the power flow of ERSMS as well [10,11]. Incorporating an
energy storage system (ESS) into the ERSMS has become a common choice for power conditioning
and RBE storage [12-15]. However, there are two main challenges for building a complex ERSMS
containing an ESS: the first is to appropriately select energy storage media for matching the energy
requirement of specific usage scenario; the second is to develop a high-performance energy
management strategy (EMS) for distributing energy within the ERSMS, mitigating fluctuations and
enhancing energy utilization efficiency.

There are a number of energy storage media, which are classified into two categories: high
energy density and longer response time ones, represented by various batteries; high power density
and short response time ones, represented by supercapacitors, flywheels [16]. Considering the
substantial energy and power requirements of traction load and the fluctuation of renewable energy
sources, a hybrid ESS (HESS) composing of batteries and supercapacitors is a reasonable solution for
the ERSMS.

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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For EMS, the common method involves initially decomposing the power generated by
renewable energy sources. This allows the HESS to store high-frequency components, while
providing low-frequency or constant components to meet the load demand. The early used single-
step methods are gradually abandoned [17-19]. Currently, the methods are time-frequency analysis-
based ones such as Discrete Fourier Transform (DFT) [20], Discrete Wavelet Transform (DWT) [21]
and Empirical Mode Decomposition (EMD) [22]. Both DFT and DWT are generally inappropriate for
analyzing nonlinear and non-stationary signals [23]. Although the EMD is a better choice, it comes
with mode mixing and disparate amplitudes issues in the intrinsic mode functions (IMFs) [24,25]. To
tackle such issues, the complementary ensemble empirical mode decomposition with adaptive noise
(CEEMDAN) was employed in [26], providing a resolution to the challenges encountered in EMD.
Nevertheless, this method enhances the classification of IMFs using an improved empirical approach,
there is room for further improve. After energy decomposition, it is essential to determine the energy
distribution within the entire energy system. Recently, Liu et. al. developed a bi-level model of a
railway traction substation energy management system for attaining optimal power reference and
HESS size [27]. An EMS for ERSMS including PV and ESS has been proposed in [28], which enhances
the overall economic efficiency of system operations. However, these approaches are restricted to a
single renewable energy source or a single ESS, so that further research on EMS for ERSMS
incorporating multiple renewable energy sources and HESS is required.

In view of the above, the present investigation aims to address the shortcomings of the EMD, as
well as the research gaps in the complex energy distribution strategy for ERSMS. The main
contribution and innovation of this work are as follows.

i) Combining the CEEMDAN and the grey relation analysis (GRA), an integrated empirical
mode decomposition (IEMD) is proposed. The IEMD first divides the renewable energy into a series
of IMFs, then classifies the IMFs to low frequency and high frequency components for distribution.

ii) On the basis of the supercapacitor absorbing high-frequency components and the HESS
regulating low-frequency components of the renewable energy power, a two-stage distribution
strategy is proposed for minimizing fluctuations of the renewable energy power in the ERSMS.

The remainder of this paper is organized as follows. Section 2 introduces the ERSMS
configuration, including structure and operation modes. Section 3 introduces an integrated empirical
mode decomposition method to decompose the renewable energy power. A two-stage energy
distribution is proposed to distribute the power within the ERSMS in Section 4. Section 5 presents
results based on designed case study. Finally, conclusions are drawn in Section 6.

2. ERSMS Configuration

2.1. Structure

The structure of a typical ERSMS is presented in Figure 1 which composes of four parts: a public
grid, a TPSS, a renewable energy generation system and an HESS. In the TPSS a V/v connection
traction transformer is installed for obtaining the power from the three-phase public grid supplying
the traction load of the two single-phase catenary sections. A railway power conditioner (RPC) with
single-phase ac-dc-ac topology is employed not only balancing the power between section a and
section b [29], but also providing a dc link that a number of renewable energy generation and energy
storage units can be connected to. So far, in this ERSMS the power exchanges among the four parts.


https://doi.org/10.20944/preprints202312.1202.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 December 2023 doi:10.20944/preprints202312.1202.v1

Public Grid

220kV/110kV IMJ
Traction Power uou_ V/v Connection
Supply System Traction Transformer
T Traction Network
@ Section a '=' Section b @

Traction Load Traction Load

O >

== Ee=
i sl ien )i
| |
WP ! Batteries Supercapacitors
YR (imry —=

Renewable Energy Generation System Hybrid Energy Storage System

DC Bus

:ﬁ_

Ay

Figure 1. Structure of a typical ERSMS.

2.2. Operation modes

Different operation modes of the ERSMS can be classified based on the state of the traction load
Prwhich is defined as the total power of the trains and the traction network loss of both section a and
section b. By comparing Pr with its traction state threshold value P and regenerative state threshold
value Preg, the following three ERSMS operation modes are defined.

Public Renewable Public Renewable
Grid Trow el Grid @ Epegy = HESS
Traction Load Traction Load
(a) (b)
Public Renewable Public Renewable
Grid Energy LB Grid Energy LSS
Traction Load Traction Load
(©) (d)
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Grid | Energy ™ HESS Grid e = [HESS
Traction Load Traction Load
(e) (®)
Public Renewable Public Renewable
Grid - Energy mp QEEESS Grid Energy mp QRHESS
(Network loss) (Network loss)
Traction Load Traction Load
(2 (h)

Figure 2. Operation modes of the ERSMS. (a) mode 1-1; (b) mode 1-2; (c) mode 1-3; (d) mode 1-4; (e)
mode 2-1; (f) mode 2-2; (g) mode 3-1; (h) mode 3-2.

Mode 1: PL>Ptra> 0

This is traction mode that traction power of the trains is more than regenerative braking power
of the other trains. According to the absolute difference between the P. and the total renewable
energy generation power Pren, as well as the relative capacities of available charging and discharging
power of the HESS, Phess_avait and PHess_surp, this mode is further divided into four scenarios.
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1. When o<P, -P <P

2 mssavat - the HESS is in charging state. In this situation, part of the Pren is
used to meet the Pi, and all the rest are stored in the HESS, donated as Press. The power flow

relationship among the four parts of the ERSMS is demonstrated by Figure 2 (a) and Equation 1.

Biss =P — B )
Pubdzo

2. When P <P_-P

HESS_Avail ren L 7/
the HESS, there is some excess power that cannot be utilized by the ERSMS. This part of power
is named as abandoned power Pad which will be injected into the public grid or discarded. The
power flow relationship of the ERSMS is demonstrated by Figure 2 and Equation 2.

{P HEss = 1 HESS_Avail
Py =P, —F — R

ren

the HESS is in charging state. After meeting the Pr and fully charging

)

3. When 0<P, -P_ <P,

en < Pugss sup » the HESS is in discharging state. Under this condition, both Pren
and Puess support the Pu together. The power flow relationship of the ERSMS is demonstrated

by Figure 2 (c)and Equation 3.

Pigss = B - B,
{ 3)

P,=0

al

4. When P

HESS_Surp
Pren and PHESS is insufficient for filling the PL. We have no choice but to purchase the lacking
power from the public grid. The power flow relationship of the ERSMS is demonstrated in
Figure 2 (d) and Equation 4.

<F -P

ren 7/

the HESS is in discharging state. Compared to previous condition,

{P Hess = B HESS_Surp )

Py =0

Mode 2: P <Preg <0

This is regenerative mode that traction power of the trains is less than regenerative braking
power of the other trains. Apparently, the HESS is needed to be in charging state under this mode.
By comparing the sum of Pren and Pl with Press_avail, this mode can be further divided into two
scenarios.
When B +|B|> Py o - the HESS is in charging state. Although the HESS works at its maximum

ren

capacity, the Puess cannot completely stores the | PL| (i.e., RBE) and Pren. As a result, there is some
Pava yet. The power flow relationship of the ERSMS is illustrated by Figure 2 (e) and Equation 5.

{P Hess = b HESS_Avail

5
Pabd:Pren"'|PL ( )

-k HESS

5. Whenp,  +|B|<B, the HESS is a charging state. In this case, all the energy from the

renewable energy ger;eration and locomotive braking are stored into the HESS. The power flow
of the ERSMS is illustrated by Figure 2 (f) and Equation 6.

PHESS =P, +|PL|
P,=0

al

(6)

Mode 3: Preg <PL < Ptra

This is no-load mode regarding that there is no train load. The Pt is only the open circuit loss of
the traction network. Based on the comparison between Pren and Press_avail, this mode is further
divided into two scenarios.
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When pP_>P

ren HESS_Avail /

the HESS is in charging state. Part of Pren is absorbed by the maximum capacity

of the HESS. The remaining of Pren becomes Pabd, excepting the little part addressing the network loss.
The power flow relationship of the ERSMS is presented by Figure 2 (g) and Equation 7.

I HESS — I HESS_Avail
P P -P

abd — Lren ~ LTHESS —

p )

L

When 0<pP, <P

2 ss.ava - the HESS is in charging state. Excepting the little power for the network loss,
renewable energy is fully stored in the HESS. The power flow relationship of the ERSMS is presented

by Figure 2 (h) and Equation 8.

P -0 (8)

abd

{PHESS = Pren -K

As presented above, modes 1-1, 1-2, 1-3, 3-1, and 3-2 are fully energy self-sufficient; renewable
energy may be abandoned in modes 1-2, 2-1, and 3-1; and purchasing power from the external grid
is required in mode 1-4.

HESS Protection Strategy

Typically, the state of charge (SOC) is the most critical factor for an energy storage system
affecting the operating status and stability. For an HESS, five operation zones of the batteries and
supercapacitors are defined according to their SOCs as shown in Figure 3: no charging/discharging
zone, charge/discharge warning zone, and optimum working zone.

Batt S it
SOC attery upercapacitor ~ soc

0.9(max)

Charge Warning Zone

Charge Warning Zone

0.7(high)
0.6(high)
Optimum Working Zone  Optimum Working Zone
0.4(low)
Discharge Warning Zone 0.3(low)
Discharge Warning Zone
0.1(min)

#0.05(min)

(@) (b)

Figure 3. Operation zones corresponding to SOC: (a) battery; (b) supercapacitor.

When the SOC of battery or supercapacitor is outside the optimum working zone, the HESS
cannot be charged or discharged at its maximum power capacity. Therefore, it is necessary to restrict
the charging or discharging power according to the battery's or supercapacitor's remaining capacity.
Based on the operation zone definition of Figure 3, a protection strategy is given as:

P =P -max O,M
SOCmax - SOChigh
SocC -SocC ®)
SOCIOW - SOCmin

where the subscripts c and d represent the charging and discharging states, respectively; P and P,

stand for the target charging and discharging power of the batteries or supercapacitors, respectively;
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P and P, are the target charging and discharging values without regard to restrict the charging or

discharging power, respectively.

3. Integrated Empirical Mode Decomposition

Recognizing the shortcomings of unclear classification of the IMFs of conventional EMD
methods, an IEMD is proposed combining a CEEMDAN decomposition and a GRA classification.
First, apply the CEEMDAN to an original signal, i.e., the renewable energy power, by the following
steps.

Step 1: Add the Gaussian white noise signal y/(r) to Pren(t) which is the renewable energy
generation power in time domain. The signal for the j-th is represented as
P, ) =P, () +ey’@®),j=12,---,i . The experimental signal P/ (+) is decomposed by the EMD to

obtain IMF/(¢). The first IMF and the residual of the decomposition, donated as P, (z) and P,(t)

, are given as:

Py () = ZIMF 40 (10)

Jj=1

P (1) = Py (1)~ Py, () (1)

Step 2: Add y’(r) to the first residual P,(r), represented as PJ(t) = P,(t)+&E, (¥’ ®)),j=1,2,---,i
The Pp/(r) are decomposed through the EMD as well obtaining their first-order components IMF) (z)

. Similarly, the second IMF and residual are acquired:

Pops (1) = ZIMF’ @) (12)

Jj=1

F, "= P, (t)_PIMF—Z ) (13)

Step 3: Repeat the above process until the residual is monotony function and cannot be
decomposed. At last, the original signal can be represented as the sum of a series IMFs as well as the
residual.

NOE Z Py O+ B(0) (14)

After the decomposition above, some IMFs featuring fast fluctuation with lower magnitudes are
defined as high-frequency IMFs (HEF-IMFs); the others exhibiting slow fluctuation with higher
magnitudes are defined as low-frequency IMFs (LF-IMFs). Although the IMFs can be simply
classified by watching their shapes, in this work a GRA method is utilized to quantitatively classify
them. Taking the use of the GRA, all the IMFs are classified by the following steps.

Step 1: The IMF and residual sequences are normalized by dividing their mean values.

(t)

By (1) = IMF‘ =12,..,K (15)
AR (16)

r

where, B,,. and P represent the mean values of the IMFs and the residual, respectively.
Step 2: The first IMF P,,.,(x) is selected as the reference sequence in discrete time domain

(¢) , while the remaining IMFs and residual are designated as the comparison sequence P, (7).

tdr

Plar (t) = PIIMF-I (t) (17)


https://doi.org/10.20944/preprints202312.1202.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 December 2023 doi:10.20944/preprints202312.1202.v1

P (1) ,i=23,...K

R(1) (%)

I)comp-i (t) = {

Step 3: Calculate the gray correlation coefficient ¢ and determine the grey correlation degree ri.

min min |, (1) = Ry (0] pmaX max Ry (1) = Ponps 1)
&)= — N o 4
[P 2 = Py 1)]+ p i max [Py (1) = Prga 0] [Pas (1) = Prgs ()| + pmax max By (1) = P (1)
1 o
p==Y" £ =120 (20)
n

where p is the resolution coefficient (within the [0,1] interval; the value is usually 0.5).

Step 4: According to the values of ri, the P, (r) are sorted in ascending order. The ones with

their r values close to the r1 are classified as HF-IMFs, the others with their r values far from the r1 are
the LF-IMFs.

PHF(t) = iEMF»i(t) (21)

Pe(t) = 2 P (0 + P.(0) (22)
i=1
where, 1 and v are the numbers of the HF-IMFs and the LF-IMFs, respectively.

4. Two-Stage Energy Distribution

So far, the decomposed renewable energy generation power should be distributed for
utilization. The first distribution stage is based on that the supercapacitors absorb high-frequency
renewable energy power Pur(t) avoiding potential power quality and stability issues. The remaining
low-frequency renewable energy power Pie(t) is distributed by the second stage according to the
operation modes as presented in subsection 2.2. The criterion is supplying the traction low by the
renewable energy as much as possible. The two-stage distribution process is given in Algorithm 1.

After the initializing steps, the first stage starts from checking the SOCsc. If it is within the normal
range, the supercapacitors will be charged or discharged according to the Pur(k) under the given
strategy. On the contrary, when SOCsc is out of the normal range, the Prr(k) will be discarded. Finally,
refresh SOCress by SOCsc.

The second stage starts from operation mode judgement. Then, if the SOCuess is within a normal
range, the HESS will balance the power flow among the ERSMS through charging or discharging
under the given strategy. On the contrary, the SOCHess out of the normal range, the HESS takes no
action so that the traction load can just supplied by external grid.
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Algorithm 1: The Two-Stage Energy Distribution

iIlpllt t Psc_cmax; Psc_max, PHESS_Surp, Pugss_avail,
SOCsc_max, SOCsc_mina SOCHESS_maX:
SOCuESS_min, Par(t), PLr(t), Preg, Pira

output: Pugrss(t), Paba(t)

1 nitial SOCsc(1) = 50%, SOChqt(1) = 50%;

2 for k=1;k<t;k+ + do

3 | OQHESS Power First distribution;

4 if SOCsc(k) € [SOCscmin, SOCsc_mas] then

5 if Pur (k) > 0 then

6 P (k) = min{ Pur(t), Psc_cmax, PHESS_Avail }

7 Pava(k) = |Pur (k) — Pec(k)|;

8 end

9 else

10 Psc(k') = min{PHF(t)7 Psc_dmax, PHESS_Surp}§
11 Pava(k) = |Par (k) — Pec(k)l;

12 end

13 end

14 else

15 | Psc(k) =0, Pahd(k) = PHF(t)

16 end

17 SOCSC(k) = Psc(k)/Psc_max

18 SOChugss (k) = SOCsc(k) + SOChas (k)

19 | OHESS Power Second distribution;
20 if Pp(k) > Pya then

21 if SOCugss(k) € [SOCHESS _min, SOCHESS_max] then

22 if PL(k) < PLF(k‘) then

23 Pugss(k) = min{ PLr (k) — Pu(k), Papss_avail };
P,pa(k) = Pur(k) — Pugss(k) — Pu(k);

24 end

25 else

26 Pugpss(k) = min{ Py (k) — Pur(k), PuESS Surp };
Papa(k) = 0;

27 end

28 end

29 else

30 | PHEss(k) =0; Pabd(k) = PLF(}C);

31 end

32 end

33 else if Pp(k) < Preg(k) then

34 if SOCHEss(k) S [SOCHESS_min, SOCHESS_max] then

35 if PLF(k) + ‘PL(/C)| > Pupss_avail then

36 Pugss(k) = min{| Pur(k)|+ PL(k), PaEss_Avail };
P.va(k) = Pur(k) — Puaess(k);

37 end

38 else

39 Pugss(k) = min{|Pur(k)|, PaEss_Avail };
Papa(k) = 05

40 end

41 end

42 else

43 Pugss (k) = 0; Paba(k) = Pur(k);

44 end

45 end

46 else

a7 if SOCHEss(kJ) S [SOOHEss_min,SOOHEss_max] then

48 if Pur(k) > Pupss_avail then

49 Pugss(k) = PHESS_Avail;

Pava(k) = Pur(k) — Pugss — Pu(k);

50 end

51 else

52 | Punss(k) = Pur(k) — Pu(k); Papa(k) = 0;

53 end

54 end

55 else

56 | Pupss(k) = 0; Papa(k) = Pur(k);

57 end

58 end

59 end
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5. Results

5.1. Parameters

The active power of the traction load of a traction substation during a given period is obtained
from traction calculation based on a train operation schedule, as shown in Figure 4. For easy
discerning the results, a short part of this load is zoomed in for illustrating the energy management

performance.

1
0 5 10 15 20 25 30
t/ min
a
- (@)
15F
10 E
5 L
0 60 120 180 240
t/s
(®)

Figure 4. (a) Traction load power curve of a traction substation by traction calculation based on a train
operation schedule; (b) zoom in a short part of the traction load power curve.

The renewable energy generation power under consideration is based on the weather data of a

Chinese city. Figure

5 gives the wind power Pwing, PV power Prv as well as their sum, i.e., the

renewable energy power Pren = Pwind + Ppv, corresponding to the time of Figure 4. The average value

and peak value of the

wind power are 8.02 MW and 13.7 MW, respectively. The PV power fluctuates

more severely with its average value of 6.92 MW and peak value of 25.38 MW. The total renewable

energy power is with

LI\

Power / MW

(953
OO

Power / MW

Power / MW
— o W A
O O O o (=]

(=]

—_
(=}

UI

[\ 3
(=}

—_
=

an average value of 14.94 MW and a peak value of 37.06 MW.

—— —

WMWWMMM

|

| |
\

\H‘M‘ ,H\‘ ““W\J,n A \ \M‘ \ A | I
. w‘vw‘“‘\vx‘\w“n WY b w,wwwm v‘ﬂ\e\’vm‘\u,\m M\M \J\Mu‘ w‘we“

\ H
H\H
‘M

60 12() 180 240
t/s

Figure 5. Typical renewable energy generation power.
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Besides, the parameters of the HESS on concern are given in Table 1.

Table 1. HESS parameters.

Parameter Name Battery Supercapacitor

Rated capacity (kW) 20000 10000

Maximum charging power (kW) 11000 8500

Maximum discharging power (kW) 10500 8500
Charging efficiency (%) 90 95
Discharging efficiency (%) 90 95
Maximum SOC (%) 90 95
Minimum SOC (%) 10 5
Current SOC (%) 50 80

5.2. Case study

The highly fluctuating renewable energy power shown in Figure 5 is decomposed and classified
by the IEMD. Initially, the renewable energy power decomposition is conducted through the
CEEMDAN procedure. As presented in Figure 6, seven IMFs and one residual (Res) of the renewable
energy power are obtained. The IMFs and Res exhibit different shapes in terms of oscillation speed
and magnitude.

| IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 Res|

= I5F

= :

Z10F

Qf ' M

£ : il ol
B i i saciaatiaiiia e and il
8 OF

S-10F

Hfls b 1 L L L L L 1 L L L L L 1 L L L L L ]

0 60 120 180 240
t/s

Figure 6. Decomposed IMFs and Res by CEEMDAN.

To divide these components more clearly, the IMFs are classified through the GRA procedure.
According to Figure 6, the IMF1 (yellow line) is the most fluctuating component in both speed and
magnitude angles. This means that the components correlate with this IMF1 are high-frequency ones,
vice versa are low-frequency ones. Using IMF1 as the target sequence and the other six IMFs as
comparison sequence, the grey correlation degree (r- value) can be obtained. Based on these r values,
a correlation heatmap of the IMFs is depicted as shown in Figure 7. The IMF2, IMF3, IMF4, IMF5 and
IMF6 are with about 0.7 r value to IMF1, i.e., high correlation. However, the r value of the IMF7 is
less than 0.4, i.e., not highly correlated with IMF1. This conclusion can be obtained by observing the
color of the first column of the heatmap as well. Besides, the residual magnitude is extremely small,
it is treated as one of the LF-IMFs. As a result, the Pren is divided into two sets, i.e.,, P:(f) and P.(¢)

6
Pup(t) =3 Py (1) (23)

B () =Py, () +P(2) (24)
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Figure 7. The correlation heatmap of the IMFs.
So far, through the IEMD process, the decomposed LF-IMFs of renewable energy power are

shown in Figure 8. Compared with the result of conventional EMD method, the Prr of the proposed
IEMD shows much slower fluctuation with much smaller magnitude.
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Figure 8. Decomposition results of Pir by proposed IEMD and conventional EMD.

At last, the decomposed renewable energy power is distributed by the two-stage method for
utilization. The power decomposition results of both the proposed IEMD and conventional EMD are
treated by the two-stage energy distribution, yielding the ERSMS supply result given by Figure 9. On
the whole, in the ERSMS, the traction load is supplied by the renewable energy and the HESS as much
as possible. After the two-stage energy distribution, the power flow of PrentPHess by IEMD (blue line)
becomes significant slower fluctuation compared to that of conventional EMD (pink line). This will
benefit the lifespan of the HESS.

From the perspective of electricity consumption, owing to the two-stage energy distribution,
most of the traction load are supplied by the PrentPrEss leading to a high energy self-sufficient rate.
Furthermore, to the heavy load over 10 MW in Figure 9 (the parts upper than the dashed line), the
Pren and Press cover nearly 89% of Pr for proposed IEMD after the distribution (overlapped area of
blue line and black line compared to the area of black line); while the counterpart of conventional
EMD after the distribution is less than 83% (overlapped area of pink line and black line compared to
the area of black line).
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Figure 9. ERSMS supply results after the two-stage energy distribution based on proposed IEMD and
conventional EMD.

6. Conclusion

This work proposed an energy management strategy for the integration of renewable energy
and HESS in electrified railways. This strategy incorporates an IEMD process to the renewable energy
generation power and a two-stage energy distribution for the energy flow among the ERSMS. By the
IEMD, the severely fluctuating renewable energy generation power is divided into high-frequency
and low-frequency parts. Through the two-stage energy distribution, the former is absorbed by the
supercapacitors to the best of SOCsc ability, and the later is used by the traction load as much as
possible based on HESS operation. The case study validates that the proposed method provides
superior energy utilization performance than convention method by means of power fluctuation and
electricity consumption.
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