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ABSTRACT Power system is one of the largest and complex artificial engineering in the modern society. With the development of
intelligence, digitization and long-distance technology, a large number of multi-source, multi-state and heterogeneous operational data
have emerged. As a new trend direction of machine learning, deep learning has shown potential in data feature extraction and pattern
recognition. Because of its excellent ability in data analysis and prediction, it is widely used in power system, which has a significant
impact on optimizing power production planning, improving power production efficiency and energy utilization, and ensuring the
smooth operation of the system influence. Based on massive quantities of data and by means of deep learning, it can better fit the
nonlinear relationship between the factors affecting the subsequent operational state of the system, so as to further improve the prediction
accuracy. Power system prediction includes load forecasting, new energy power prediction and state-of-health prediction. Power
production planning can be optimized using load forecasting; thus, electrical energy can be finely dispatched. The capacity of new
energy power consumption is improved through power prediction to reasonably use electrical energy. Potential equipment hazards can be
timely found using power equipment health state prediction, thereby ensuring safe and smooth operation. First, in this paper, the
characteristics and applicable scenarios of typical deep learning models are introduced, among them, deep belief network and stacked
auto encoder belong to stack structure, so the structure is flexible and easy to expand, which is suitable for the modeling and feature
extraction of unrelated data type; convolutional neural network shares convolution kernel internally to reduce the number of network

parameters and is good at processing high-dimensional data type; recurrent neural network has feedforward and feedback connections, so
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it is suitable for processing sequence data with pre and post dependence. Second, the application frontiers of predictive power systems

based on deep learning are reviewed, which include civil and industrial scenarios, photovoltaic and wind power, mechanical and non-

mechanical equipment health state prediction. Finally, facing the challenges of power system in energy efficient allocation, high

proportion of new energy power consumption, highly stable operation of power equipment and so on, the key problems and future

development trends are presented.

KEY WORDS power system; deep learning; load forecasting; new energy power prediction; health state prediction

PACHL ) R G 45 H 25 5 4%, MBIk,
A AR S A% 58 14 ) B A A 073k, M LA 58 73 o7 %
Ef AR, g a2, RSBz
BT RGN R AR s R | B
B 25 L T R G A IR B RINBOE , 455 TR o
PR, AT DL 4 Hu iU 5 52 i L R G s ghis A7k
BN R Z A R AELe ¢ R, Sy J LR, 58
PRy 2R GT N, G A7 e B R Oy T 4
A SCHEHX H RTS8 2 B LA, G045 )
F GG TN T RE IR M ) SO AN R o fek B
ARZS T (9 R BLEAT IS A A B, X AN [
149 7 FH 37 5, HL T 2R 8 00 A T 23 A 1 1) R
e 4 A7 Ay T R TET ) b 37 S 69 G A 0 5 1 X
AN TR] B T G2, H g S0 23 S S AR H S T A
JRCERL Y 3 T 5 A AN [] ) 5 2 B 2, it AR 25 T
I 73 S AL 2IS 5 28 fat RREBR 28 T 00 R LA 15 51
FRA T

1 REFESJ&EE

1.1 REFEESWE

R 15 2 W 2% ( Deep belief networks, DBN) £
B TERIYNZR 5 b A R i e, Ho2% 20 (U8l #8
A i 1 DA R 75 R i b 28 B8 A ().l TR
it 2 W 2% 25 44, DBN 3 4k B AT 5 TG SR BK T
GIEHE , 5015 TR B R AE B2 BURE ) 9 S AR 05,
2N T ) R G o A s, Sk R Re R ) i
DT A7 fap SN R g 1 £ it BRI AR T ™) 45 Ty
T B 158 A A e B I
1.2 BERMEMLE

2 T 22 W 2% ( Convolutional neural networks,
CNN) 5 DBN # [, e 5% /Y 22 50 76 T BEPL W) 4h
HAZEZE T2, IF BEEGREBRER, BN
JCEAN AR R G O R, [WEE, BT AEB A
LS B U, T — 200 TR A S A
FFiE H AN Z A5 AL . 7E L ) &R 48 i 43 A 5
R0 1375 5, 5 T 25 S 23 A0 SC M iy 97 far 13
DU, HB 7 T R it BREAR 2SR S 01,

1.3 fEIRFRE N %

1 R 25 %) 2 (Recurrent neural networks, RNN)
T 4% J2 Pl 28 6 22 1804 5 i 4 R S i e 2 1Y,
3 ] 74 38 B A A5 O OC R R 9N Bds .
fift e RNN Hfgic 4z “ 7 5 B — sk g, —ok
HUHEJS Y RNN Z5 A g 42 10, Horpr, 1108 26 50
(Gate recurrent unit, GRU) FIH 4 #1042 Y ( Long
short term memory, LSTM) E[ Jfy U8 117 RNN
W TRk 2 R R B0 B 37 50T B SIS B, 40
T ) Tl 390 3 | A ey 000 U A2 A RAARAE T Y
T RE R Hh 7 ) A
14 HEBRE

HEZ H 455 (Stacked auto encoders, SAE )5 DBN
RERIZERY AR L, =3 R XOINE T B)2 A wmiSds
Z (8] Ay A B a4 0, D] T AR AR 25 A BN by T
J&. W AR AR H i 8% i AL B T T —
FYMEAL, i 2 35 T R, T A
W [ g fich 25 00 TC R I A il BRSO B, B T
FLE SR 6K w45

T DL A Ar, LA LR A TR 2 ] 100 5
RUXT HanR 1 R,

2 BAORZAFEHN

L 2 G0 B Aoy 000 2 48 AE — 2 B ) RUEE T
3 Ao R T AT Dy s SO g R, B T A
2 TR] A IR 2t OC 2R, R TN A >k HL g 171 A 7 2K
1B, KT8/ H T R A0 B A 8 A | A 1% W 7 0 B [
R, A AR DX P F o TR R R, PRIEE ) RS
MR iatT, HA w22 f I R
], T 43 Ay 11 1) B FH 4 55 9 6 e 03000 R T8 [ Tl
Y s i Gt 0. SR ECT 19 F 6 ey TN AR e 1 S
R, 2RSS 2 R,

Hy 2% 2 W] 1, A far N 220k RNN B, (b
B 52.6%.
21 HERRBHSE ARG

11 1) B 3 5% 9 A AR A A B AT — 5 19 43 iR
P, 2O 2 B TR % . Cheng 551
P T —Fh LT CNN B B #5767 oy 000 7 3%,



B ERSE DRELA ST ) R GE I N

- 665 -

F 1 WAL ] TR L

Table 1 Comparison of typical deep learning prediction models

Model Main feature

Apply data type

Typical application scenario

Unsupervised learning No need for large
DBN  number of label data, and the training difficulty
is low

Supervised learning Random initial value,

CNN sample data without preprocessing
RNN Supervised learning Both feedforward and
feedback connections are included
SAE Unsupervised learning Asymmetric connection, Sequence data without correlation before and

simple structure, easy to expand

Sequence data without correlation before and
after, (Multidimensional data)

Sequence data correlated before and after

Sequence data without correlation before and Load forecasting, power prediction, equipment
after(Time series data)

health state prediction

Load forecasting under multi energy
spatiotemporal coupling, power prediction
considering spatiotemporal correlation, health
state forecasting
Load forecasting and power prediction under
the scenario of severe power fluctuation
Power prediction, equipment health state

after prediction

F2 BAORGEHETHISG

Table 2 Classification of power system load forecasting

Civil scenario load

' Industrial scenario Proportion/%
forecasting

Deep learning load forecasting

DBN 8] [25-27] 21.1
CNN [13, 28-30] - 21.1
RNN [31-37] [17,18,38] 526
SAE [39] - 52

Historical load data and temperature data
of residdential area

v

2D convolutions layer

4 L N

Multi-dimension characterizations
& ----- v
1 1
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| |
I I
[ |
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GRU (3~ I | GRU
I 1
1 1

N i

y
C Fully connected layer )

< Load forecasting result >

Bl 1 ETFXUs LSTM-GRU (1 B X A 67 faf T
Fig.1 Residential area load forecasting based on bidirectional LSTM-
GRU
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Table 3 Classification of power prediction

Deep Photovoltaic power Wind power Proportion/
learning prediction prediction %
DBN [7, 44, 46] [6,47-50] 30.8
CNN [11,51-55] [56-57] 34.6
RNN [58-59] [19, 60-61] 19.2
SAE [22] [2,4,62] 15.4

Hi ¢ 3 Al g, HY O H 225% ) CNN F1 DBN #
B, o35 b BB 34.6% FT 30.8%.
3.1 RAHAHN

TR 132 =i W 5555 RS 5 45
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ork, #E LTI JE 2 Z (A1 “ B, A B T2k
b B R B R I AR R, B T 45 B R Ak [
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FROEAERE SRR, A B TR 1) 52 e R
55 15 0 455 Y w53k R ] Residual network &, Dense
convolutional network 244 Lt., Tl 45 5 i 35 75 1%
L0 WIEAR T 22.2% F1 29.4%. Wang 2558 75 5L T
K Ja B0 A2 338 3 i 28 I 45 7 H RIT(O ~ 24 h) SR Th
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Historical photovoltaic power data

&

High-frequency , low-frequency parts and historical
data correlation analyzing

<

| Best cut-off point of frequency selection |

High-frequency {_} {_} Low-frequency

Prediction model 1 Prediction model 2
based on CNN based on CNN

! ]
<>

Superposition reconstruction

<

| Photovoltaic power prediction result

B2 JET CNN A R B
Fig.2  Photovoltaic power forecasting based on CNN and frequency-

domain decomposition
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Singular spectrum analysis
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Fig.3 Wind power forecasting based on DBN and singular spectrum analysis
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Table 4 Classification of power system health state prediction

Deep Mechanical equipment Non-mechanical equipment Proportion/
learning health state prediction health state prediction %

DBN [9, 68] [69] 16.7
CNN [70-71] [11] 16.7
RNN [72] [73-75] 222
SAE [67, 76-80] [21, 81] 445

4.1 MG FEBERESTN
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