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Figure 1. Applicable scale and storage duration of different energy storage
technologies.
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Figure 2. Structure of hydrogen storage technology and applications.
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& 1. ASFIBRRE Rt A1 A LA

Table 1. Comparison of characteristics of different fuel cells.

Type Operating temperature Application field Advantage Disadvantage
AFC <80 °C Backup power/transportation Good current response Mainly used for space
applications
PEMFC  80-100 °C Backup power/distributed generation ~ Fast starting speed/high energy Expensive catalyst
conversion efficiency
PAFC 150-200 °C Distributed generation/cogeneration High efficiency of cogeneration ~ Low current density and
expensive catalyst
SOFC 800-1000 °C Stationary power station/cogeneration  The electrolyte is reusable and Metal corrodes easily
low-cost
MCFC 600-700 °C Carbon capture power generation Good electrical conductivity and ~ Slow start
system/cogeneration high current density
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con
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Figure 4. Different hydrogen storage technologies.
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Figure 5. Schematic diagram of HECESSs.
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Figure 6. Hydrogen storage and applications in power systems.
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RUIEATIE . XFENM S SBOERFOLMIE R AE .. SRAE VR,
LR R H I H SR I E R, W DA S . S8 Im
Ve 5 SR B AT P AR RERAIE AN SR I, B AT DAHIIEEIR A, P R eI
Jrh2k, E5mATEAREIR IR FETH AN [38]. A REEOR T DS AT AR RE VR Y
SRR, AR ] . 2T R I PRI e B BE 6 R AR BE YR B 1 g
TP, A BT iR n] B AR BRUR R B AR B [39]. $EE T HEITRSA
it e AN AT SEME, HEMTSEEl T RS RKBHRESETE TR REVR B A 0 I . Itk Ab,
T B A A SN E R B SR s, v A ) R G IR E
o HI— 5 et i gar, DA 5E R G A B A U S AR 2 28 A i O T AR
FaE M [40].

4.2. HECESS 7 3 ] i) B2

TERM, B R G R U R, (E1F RS TR %, &
S5l RIRG [41]. — RIS, fEEENA ST KRB ERE. FEM
T NS RGBT il AU B SBR AL AT DA H R (AL 58 43 161
B, MR RS [FIR, SRR A B A XA AR T T ) R
77, AT AFERG I [R) Y PRI 3EAT B B Bl RE . X —RE TS AR REE N
F X PR AL R I IR 55 o il St R - -FL R 307 3, S R AP AT Y
S A NI R RN PHZE R B K. LB KA RS ERE T LA 7E R4
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s, EARA GURIN AL FEr, R0 SUBIN IRV . S B IG T A 2R G i
R, WA T RS LB A R R I (B [42).

ST FERE, A U 74 PR AU P O P 20 42
[43]. 30K B J1 R0 HL ) 7 LK B BT K L 77
(A T LSBT . BRI, P s R R AR
ML G, WTRLKHIRA TR AU, STUBSZT, BEDCHRINAEUROSRE. NS, AT
UL P REAT SO T, (R FRJ BEREEI AT, HEAh, DL
B IRR, R UIEAEER, TTLUR T A AU 5 50 2 1
A5 O 4R T4 .

4.3. HECESS 7E %7 faj i i) 2 FH

TEGAr ], SRR AT DLA R S A 2 R R B A B IR 2%, W R TR0
Wi e RS ZREGT R . g S/ X KT 4 94 A ik e A4 A
Afigne. EhNERes IRt N EFMeel P OLER ). B—J7m,
oA A RE S MITE B (B L ). Fan %5 [44)F)F H . SU0 B AMERIE DA
JORSYZ MR RERACE, R T AT 28 a4k DRL MR EE X 24T
oA AR . FIH HECESS @B RE Sk X, 7 LAARIE S 7
RSN, [R]I AT DA B R RAT, 2 R RERIE A M,

W) RAE WIS LS IR SN B “BEYEzN” o 7R
RN, 298 ARG R B R EE, HIEMINE S LEA
G g O B L T Y R R T R R, S 5 e T R N . InE i Bl
ROt E FHNA, REARSHMMETXA . b, Kol BAEREZEAH
WL SR BRI B AT DU e R AR . ROk, B H-EE 2 R
HECESS ¢ B A 17 e ] 1 He 8 37 52—

5. HECESS VR E sk 22 S H ik

HH T HECESS MR R 2 4, ARSI BRI & ISIoH L
ERMEETIRIHARHE . FEH-F-A- A2 PRI HECESS XL K]
SRAFRCRANE SR TSI ER . RSB RE TR ) 7 1R ME 9 5L Fr BE TR R
SIEFEEE B [45,46], F HOATRIABIAL TR H 7 2R AN IE 58
bri& L [47]. N T #2% HECESS BiBURMERI KGR, ACHEH T DRL 45
FET OB ZEREN ) R R ST A B SRS, RO R
HHIERIE T [48,49]. SR, AW HENHL /KA RKIESHE (Markov
Decision Process, MDP) . 5#ft%%>] (reinforcement learning, RL) FIVREE 2% >)
(deep learning, DL) [E:AAIR. A5, & RL A1 DL 44, MIMIERK
DRL. #it)m, AR IR SCSCHRTS 5 i) DRL N 4075 Asi L.
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5.1. DR R FEIE
RL 1 DRL s ¥ IR BDIRA WL 200 1E 1) 5 ) 288 . il TR e e, e
RN E BT AR OIEAWME IR, ARG EORE R X Fha =] i)
F— %l MDP [S0]KF3A
ERNEIAS RGEH, WRBERAEN T —MRE Sm A5 400RE SA K,
M5 ZHH SRS TER, WFRIZRGHA /R KA
P (Ser1 | SO)=p (Sev1 | S, Se-1, .. ., S1, $0) @)
LR AR EDRAS B BRI R RN, B BRI £ 4 AR T AT N
TR BT — MRS . KRR A2t 2 MDP. MDP —f&A] LA F.7t
HREIR:
MDP ~ /S, A, P, 1, y} (®)
o, SR BRRPIRE T A FRRERARIKAT AR TE; P:SxA4AxS—
[0, IDVEREMER: r: S x A - REF BN IAETHZRGHIRIN [Bl4; y € [0,1]
NI, RS HTI ZIARE B M E LG RHIas Gr=re+ 1+ pre + 2
o ,:Zzo:oyk Tt+k+10
& MDP % RGURSEEWAAREMEE R, R, ERZHEIENT, R
AR RGRE R —HB 5. B, S 20E 5 I 5] N BT E I, 52t
HB 43 AR B /R AT 9% R 3L R (partially observable Markov decision process ,
POMDP) SRR, POMDP J&—MUEES, HIT X E R R
GUIRS B 5 BRI ILE4T @455, POMDP J& MDP {3 &, B %18 1 iR
AHHE F KRBT E PN &R LA RER 7S TS, 4, P, Q, 0),
Hr(S, A, P, R T7:0E MDP HiAH R Q1 O 43 A3~ B £ & S HAH
JSE R WL 2
£ MDP T, Li %% [S115:T 50 7 € L 7IRESUME BRI vl ) MIAT AN E R
H guls)-

5.2. 5EMEE ]

A 2 3] 32 BLOC VR B A an T AR A PR B A A He sk, DA R AL T B
Kl MITTTEBCIRASFIAT N Z BB G R [52]. sy T 4 st 5 AR R
Bz B 7 R, EEERLUT SR
1) fEMAPRESs T, B EEAARIEAT AN R OFT N R md e B AT Nas K

KRS e AR a K AT A B RO RS B R — AR s, IR RINE S

r AR R RE AR
2) R AAIE I IR S e S AT NN B O
3) 1B FIELAT IR m;s
4y REEIRL, EE R

FEIXFREE S HLEI R, B REARIE AR N AT A iE T (s 2 0 AT N
HE m WAE R 2 UGERE. Rk, 7ERRBENRME DL R, B aefknT Lo 530
BRI B8 FRANWT BB R ms, SR AR RS AR, AT A B B BR R PR 5
AL H I [53,54].
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» Value function Q,
\4
Reward signal Policy =,
7y
. Agent

:SH—]

; Unknown |

_ environment

T+

B 7. sk ST HESE

Figure 7. Framework of reinforcement learning.

5.3. tREEA

SR, FESRALSE ST, B RE A A A% BT B ) BRSOk 2 7 L SR B
B eRE, IXRRE T8 RE AR b B O RS R e AN S 1 (1) 52 24k ) R A1) i
MTTE— 2 BRI 7 HAE HECESS W IR« BRltL, 51 NVRFE S 1ok U Bh s dh 2
SRR IR LR . DL ST IREM A (deep neural networks, DNNs)HI#L
A TR A BRI INAT 9 I NI B SRR B Th AR I R E . A
ML L DNNAAY, BIEEME M2 (convolutional neural network, CNN)
[S51FEIRFHZE N 2% (recurrent neural network, RNN) [56].

CNN 1ER— Mg KRR IR SR A M, IRk a7 A2 i 7 N 01 1 e
K¥FE. CNN-BILSTM LAY FH ) CNN Z REHAT 5.2 T RPP IR 1D #3221k E R
BEAENMNZREAN, LU 52 R 2) HARERRHEIRIE] BILSTM
I )Z. CNN g5t 8 Fim. CNN IO ERZE, FRIR T MR L
EMBHEE . £X—FEd, R TSI RRE, TR N

hij = fIW™ * X) + bp] ©)
Horp fRBGE AL WA by 73 RN AAZRT S m ANRHAE B AL AR 2 . it
O Z N AR /N S TR RE, AT AR R S, mT DU A
Rl 5P 534k
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1#
i

= >

Fully connected
layer

Max-pooling
Activation layer

Convolutional layer function layer

with multiple filter and
feature maps

&l 8. CNN [ L4
Figure 8. Main structure of CNN.

5 CNN ANJF, RNN A A A 32 B SR RE =4 A0 A 4 ARl
YEJy S H) RNN,  LSTM i i R B L 12 R Je MIAN [R] B0 T 1N LA, A RN O
B e A 07 T A B Re /g, DT Bim Y [57,58]. LSTM ) 3 #2404
W 9 Fron. LSTM A ICIZ s e vr RS KIIAF AT R 5 B Btah, 1195
HL] CRLIEHAT if‘il‘ﬁﬂif“thl‘]) PEfE B, AR RE AR IS S B
FRAE L FENE I R B B A5

. \ ‘
Memory from
last LSTM unit
J

\_ Next hidden
Output of 1§St Current state state
LSTM unit

B 9. LSTM BRI A 444 o
Figure 9. Basic architecture of LSTM block.

5.4. B R SE S M T HECESS

fa] B R A 5 MIBR ) T RL $I8 RGUFFEMIBE /), Kk, DRL 454 TIRE
SRR S], AT DAANEE A R AT S, O v A T SR A A (R R i 4E S A
725 [A] BB R R4 [59,60]. DRL HEARFEZL A 10 Aras. RAE RIS
1k, DRL S5 AT DLy N FE TR M B 2 T SRS i v
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Loss: L= E[(R+ y O(s', argmax, O(s', a’; w)i;w)-O(s, a; w))’]

7Y A A
update O(s, a; w) O(s', argmax, O(s', a'; w);w')
argmax, O(s, a; w) v
o 0 delay update
. - urrent
Environment |« n Netorare Target Q Network
—— s =
A
a'

(s,a R, s)

& 10. DRL FI A 424 o
Figure 10. Basic architecture of DRL.

XITETUMER DRL, FIWRE Q%> (deep Q learning, DQN) , "Efi
A ARSI E M A R BT OCs, @) LASRAR B EIE B M LT [61,62]. [Rlth, F:T{EHM
DRL B A 5 & RGN /NE R B T 7 2, HEAGBRN R
SR, FETEHA) DRL J5¥ETo vk Ab B S 5h /F 25 1) (] 1, 3K BR 1) i% 7 9246
HECESS H M. S5HT{EK DRL N[, T HIEH DRL CRIUD i S
1) R T FHBR B R BRI S B TRms, B B TR, ALl
EOME AL, B ] DUARFE B 2247 30 23 (B 1 [ [63,64]

T4k, HECESS DA RIRFSE K@ IS A 0F e f 2 ) 1 - )
ZORVE [65]. AT, B A BRK R 2 1 T B AR R YR AR IS G O N HL I,
HECESS 2N — M HEREAE IR S RS, X4 HECESS %4
G TR T E Rk, SbAh, i bRTR, M EREENLMER, AR T
PR ) 5 93 ANIE & HECESS fltfb Al #.  [RIt, DRL{EN—Fh AR Ak S5 4%
FINKfR P HECESS BIMRAL L i #, FEHUS T — RIS . EARTTH
HARE A, +HE T 3T DRL () HECESS (i fbiz {7 .

— 77T, HECESS H K H DRL J5 ¥ 3k &b 3 I iy 19 8¢ fI0 W B 1) 35
Blan, YiZ [66]JFR T A § REIFEAES, DUEIHEEZEEN
HECESS ittt DRL 5L R0 78 . 1 85F DRL Skt gE, F
BT DRL SEAHXNT TAE Ghi 1 REL4L (particle swarm optimization, PSO) 57i%
PR . Yang &5 [67]3H T —F2EF DDPG kit 5925k 4 3 HECESS
R 1 O i 27 T Wl SN - R M e SR M SO N D O
BERLE R, Z T E N R AR R AR R B
EE, BIEMASRIFEREITHHB I, BIKKRANIEIT KA. Zhang
& [68] N H T iy 6 W& AL Ak ( proximal policy optimization, P-PO) KI5
REVR B HLRMS, R AT ZNMEE R, BFEE KA. Bk
i RBMGI A P EHSEREW, ZRFEH L RA L H A 7%
Al PR ) 2.6% . BEAL, Zhang %5 [69)%F %} HECESS 454 Al A REJRIZ L T
PPO R ZNAS REVR VA B Skl [R5 B8 T S fmr U A AN e 12« PT P A e IR Y
) BN b 2 AN B RIS . Xu &5 [701WF 9 T —FhFE T DRL BIHLLLLH & e it
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PAKERY, ZAE R AT DO b U AN B e 1 45 SRR, TE T HAERRUR =818
RN, BT R T DA RO L DA SRR B 5 SR AL 4 A e X
—HmEYIRF K. Tobi & [T1HEH 17— B 3l S HUESFFHIE DRL KHEE
SR Z R ARG, ST RN REA LIS T BRI X LSk 3 B4R
Wi e HECESS A [ HL 7R FE Il @, J8id 5] N DRL 5k, X Hykar g
ROALFEARH EMEA 2 B AL E SR . ENERRIR RGBT RA . FEEACR.
SEPL AT RS AR IR B AR T TH EAS T R IR B

AN, £ fetk DRL (multi-agent DRL, MADRL) 7 HECESS HIftALIa]
BB RE T ERKE . B, Monfaredi & [72]3EH T — A3 T
MADRL AL BEIR A FE i, ISR T H o filaeli. gt KRG
KRB R RINTF B R G . iR REY, 128FEE R BEMRL,
SEL T EHEIEE A, PRIE T ARG D A K2 AR TR AL RE VR HE )
AL ST MADRL 2 8 G iR WA Ak in) @, 723 2 29 T4 T s/ ME
RYIEAT AR E AR HE AL [73]. Guo 2% [T41R M T — R R F
MADRL [y 52 B 40 8048 ) 5 0E, 78 20 A O Ok 0 A8 38 1 8 R &
B, ERIEBEEZEMATE T i RREMB DI EHRFE. 22, X
SERF ST R T #F HECESS H{#1 Ff MADRL ()53, Xkt g2 i 25
HP AL, eI KA ) RGBT R T FARIB AT AR . RIS, 7R3
LR FAFEDLT,  IX L8770 e % fi R PR B sk — S AR HETSORT FE 77 45%
%o

5—J5TH, W 7 DRL7E HECESS 75 RMI R H [75]. Zhong %5 [76]4EH T
—FPET DQN MITRFE IR 2E SIHESE, SEIL T FH P AN A B &S AR R, TR
s 2R 7 (14 [R] B 47 i R v R B KA . BUE R AR, FH 18 (R B
TS 8.7%, HMAFTIE R 56.6%. Li 2 [7T71/%E 75T 2 BRI E
PESRRSIR S A FE R BERESE, M2 o) SRS SIS & sl SpleiE 1
SRR T AR H T AN ANBEN L R EEMERE. Ye &5 [7814RH T — Fh Ik
T 0 5 IR FE B 8 SR W% bR EE ( priority depth determination policy gradient,
PDDPG) J7 kM o B H 4 Wk 2h 75 vk, mTDAHf G 2 BBV R A I SE i H
TP, BT DLE B H W R A . Zhou 5 [79]4 AR EL ™
ARG R LR W R S MDP. fEBCEERE B, 3R T — b ok i S
BEFE DRL Bk, (iR REYW, ZEIERYLEAFNEITS 5, IR
3L A 7 E A AR A PERE . BT AT AR BB YR AT SR B ( demand
response, DR) T REIAHIENM, Dong & [80]#RH T —Fh 3t T8 AT NE
-HEPEE A DRL SLVEAI X R AL AL BR S AH 45 S i B L B HE 2R, (615 R 48
LU AR R ENE . Yun 5 [Q114RH 1 — BB 10 W] ORI 2 B Be 1K
DRL Ji%, DASEHLEhZ DR T HiliE RS0 H3h A =i, 5 e RRF A4 7
HERMI 2R . B gE IR, Z kA — KA = R4 B W 5 5]
T 13.6%FM 30.7% I REIR A . HEAh, XiedE [82]#H T —F MADRL
Fik, SR AS R EZER NGNS 5 FH P E L, DUAE P A e
IO R A S B A ELRT RE ) S B R R SR R, 5 A% G R A St 1) i
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W27 B, MADRL ¥ 8 7 RIED 7 6% DL b o X Bemf 5T 3R
W, S8tk 5Ek M, DRL £ HECESS 75 R0 i v B AT DL siz 3L A
s KA AR MM BEIE R ZE AL . 5] N DRL B %k HECESS
AR A0 T R IR A, HE AR AL B VR ORD U RE SR RS RO B B kAR, fE 1S
HECESS [ 3. H 8 5t 5 m ™ f o

MRS, IRIET DRL 7772 0] DUA R A B A A 2 P 1 e A
PR, TCie R HECESS [ NIE 2 R, #BREEIRTF b8t ik iy
MERE . ZOTVEIE A e R TR EEMERE, 1 HLIG R T ARG R M AE
P, A4S S0 R B S IR T 5 .

6. HECESS F1 8k &R A1 FF O 75 ) 5

HECESS HEsiE e 5 I R G2 ReR & W= B &, 1E5mH ) R G
PERIRIGTE, KB sk EmBER N . FEEHIE. k. MEE
BORBIA W76, HECESS PAV. #. W S55 2 Fhae ISR B B ik H AR i
551/

{H HECESS ¥ )82 F A7) 75 B2 4k SR BUR AN TEME o SR P A SRl 3 KA
WA oA ERE . SREUE AT E A R A AR A, T
AR AR, ol & ST RRERREIR I T . U R R e AL A
Polsi i 55T IR, et 2 oAl 07 AR e . (B H TSR SR A 12
i, PR R AR A RS A I L E A AR, ZREMLF IS T Lo b A
B AL ) S A 14 H T RS R B 86 BRAS SRAR B . R 100 MW L2 DL HL g 7K il
ARG N E R

W P A REIRAC HE AR AN T T B, AT AR R IR HURS O ROR R LR
WA Iz ERANRE IR, B AT A2 RE IR ) SR O AROR B EE ) St
& . BMROCREIERAERGMR 5is1T. R REfE . fdffaE
P DT AN e . R RIGTERER H it i, SRR GRIRES S
i R A S R 55 . BEAE UGk REAE FE IR I SR RO H B, B S S OOk i R
152 RN ZI) A5 6] AR P R TR AT SR R B T R B . A () 28 B Sk e 22 I A O A i B
ARRIZL e85, A BERTE N 2 I 18] RO BE SCHE HL I 5 I 25 T 51467

% & HECESS K¢ s el [X B UM 0 TR AEVR BN . ZR G RRISE AR 1Y) R 2L
RIBHANR 2 K e E A RE RN BIR N RGO . 33 2 HECESS 4
RIAT DIy LR LRSS I R Guis T MR /. MR &, N R RESS
Z P EIEN AT R AR, SEILHECESS 1 % ) Rt & . Hd, FHDRL
SRR HECESS A LU A% e A0 S92 HAT 3 iy (SR AR R A . RIS
DRL 53056 T 75 BERRUBER Ab 3 A0 52 J BRI 2RI B2 A R GRS 4

7. &

S RE T [T REVET AR AT S IR BE M A 9 A, 2 RE 8 [T I ff R AR OR E IR
SENUMIIRE S G o) B 4% (L BBV . HECESS K&l S5 A&, AT LAES) 3 Ll
HIBTREEA I, LIS A A LA AL AN R R B ) - AR SC L HECESS AT et
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%, MHIE. SRR SRS T H - - 0 Y B BOR BB AT 17 IR
ARSI NT. BEA T A GRS AP FIHLEE, 18 T HECESS K45 ftE
B OMRITERARAC B . [, DAUR-WX-far A 28, IRER A RE R
M. ERASKRETTI, SOERINTTERBEERE . 5N RS
SR, KK T DRL HE(ELRE HECESS TN . &5, #H T HECESS &
SRR BIPRR AT B T i, DA RN RS

FIZE R A P B TR A 2 R

AR A -

AEC alkaline electrolysis cell MDP Markov Decision Process

AEMEC anion exchange membrane electrolysis PAFC phosphoric acid fuel cell

cell

AFC alkaline fuel cell PDDPG priority depth determination
policy gradient

CNN convolutional neural network PEMEC proton exchange membrane
electrolysis cell

DL deep learning PEMFC proton exchange membrane fuel
cell

DNN deep neural network POMDP partially observable Markov decision
process

DOQN deep Q learning PPO proximal policy optimization

DR demand response PSO particle swarm optimization

DRL deep reinforcement learning RL reinforcement learning

HECESS hydrogen-electricity coupling energy ~ RNN recurrent neural network
storage system

MADRL multi-agent DRL SOEC solid oxide electrolysis cell
MCFC molten carbonate fuel cell SOFC solid oxide fuel cell
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Abstract: With the maturity of hydrogen storage technologies, hydrogen-electricity coupling energy storage in green electricity and
green hydrogen modes is an ideal energy system. The construction of hydrogen-clectricity coupling energy storage systems
(HECESSs) is one of the important technological pathways for energy supply and deep decarbonization. In a HECESS, hydrogen
storage can maintain the energy balance between supply and demand and increase the utilization efficiency of energy. However, its
scenario models in power system establishment and the corresponding solution methods still need to be studied in depth. For
accelerating the construction of HECESSs, firstly, this paper describes the current applications of hydrogen storage technologies
from three aspects: hydrogen production, hydrogen power generation, and hydrogen storage. Secondly, based on the complementary
synergistic mechanism of hydrogen energy and electric energy, the structure of the HECESS and its operation mode are described.
To study the engineering applications of HECESSs more deeply, the recent progress of HECESS application at the source, grid, and
load sides is reviewed. For the application of the models of hydrogen storage at the source/grid/load side, the selection of the solution
method will affect the optimal solution of the model and solution efficiency. As solving complex multi-energy coupling models
using traditional optimization methods is difficult, the paper therefore explored the advantages of deep reinforcement learning (DRL)
algorithms and their applications in HECESS:s. Finally, the technical application in the construction of new power systems supported
by HECESSs is prospected. The study aims to provide a reference for the research on hydrogen storage in power systems.

Keywords: hydrogen storage; power systems; deep reinforcement learning; application scenarios
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