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Abstract: With the continuous improvement of the informatization level of smart grid and the massive access of gen-
eralized demand-side resources such as controllable load, distributed power sources and energy storage, massive load data
sets will be generated and load characteristics will be changed. In order to improve the load forecasting accuracy, a deep
belief network (DBN) load forecasting method considering generalized demand-side resources is proposed. Firstly, the
mechanism of the participation of generalized demand-side resources in the power market is determined with the help of
load aggregators, and a contract-based generalized demand-side resource scheduling model is constructed, which deter-
mines the optimal scheduling plan of generalized demand-side resources participating in power market. Then, a short-term
load forecasting model is established by introducing the DBN structure and taking the optimal scheduling plan as its in-
put. Finally, a simulation test is conducted with the actual data, and the results show that the proposed method has higher
prediction accuracy.
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Table 1 Input of traditional load forecasting model
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Table 2 Input of load forecasting model considering
generalized demand-side resources

i s i KAFAER 1 LFRMEE
L& LN L T T I, wi, pf
d—2 d—2 d—2 d d LC,d LS,d
Ly, Ly 7 Ly Thins Tt Ly Ly
d—7 d—7 d—7 d d d d
Lt—l’Lt ’Lt+1 Ht?.g , W ESt

DNAEBA T SCRR SRAM B 50 S FHEINHS 5 1 52 i,
ARSL 3 59 AR I AN 2 50 R 22 4 D BN 17 fif 7
DR PRy N, 25 RS SCRG SR B AT (1 00
FRALHEAT XL,

4 HHloHr

AR BRI E B X 20184E7 318 F 9 SZFR

GATHOHE SN R A B AR R R B BEAT 0

M. o, RAEEIE AR uh, BFERE . B,
RAIRBL IR B AN XGE. BT A S B 78X A L
fap (RS AT T, SR AR P8 RGN g 40 AT
4.1 FETERIM SRR T IR R R R A

R 120 [X 7% 2= g R H gy it 28024, 13T
N, Fe 73T SRR BRI A R TR, AR A
RN U35, o, BHFASFRIZET e A i
BUFAE 25, HH R A RINE RG], Mok E T35
AN A Aur B RS I B, B 70 FH R i W) B 114) 7
o2 ST B ESERBR R R LA, AR A R 72
B BT 2 R AR ) i 1 0. AR YRR 3-S5 3Fh &
5] 75 5 N R R0 [F) R 24 5, AT il ek 7 4f RT3 4% 6
o 1At B 3 — I B AR 5 K B 22 49 91 SN 300 MW,
200 MW, 300 MW, 3 PG4 b7 P35 2 57 ey 1)
8.9%.

12000
10000
/A—w\\
8000 et -
E /\'\ /—"
= 6000 s S
o
“ 4000 —— H7F
*E
2000 AF
T
0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 16 18 20 22

t/h
P 3 S 2 H g pif 24

Fig. 3 Typical daily load curves of each season
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Table 3 LC contract contents
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Table 4 LS contract contents
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Fig. 5 LS optimal scheduling scheme
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Fig. 7 The curves of load before and after simulation
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Table 6 Parameters of DBN load forecasting model

S HH ZH g
RBM#*: 3] % 0.1 WiRBP2E > & 0.01
TRNZEHER RN 24 || iR RIERIEL 5000

TR RIEkE 100 AR ZERR 0.0001

Fetel /= /= UM J2 (e J = A 22 o 50 DB NI
AR PN 25 SRR, — MBI, M4 1 E 4L
[ EMPORE/TINE Rew T RN e AT N R sl B P
BIIE 2, W ZE ISR FER o 39K, 104 AT g I
RURZE, R0 TN RS 4 e . g R A fe A 1) T
AR AR F S B I ) 77 1, 1 E Bk J2 = 0
B JE FREUZ 2 TN L

PLFR 1 52 (R AR S X 25 A N &, Beek 2 20
Wk BN, 2, 3, BRI E M & N R R B
N5, 10, 15, 20, 25, 30, U AN 7] 19 £% 2 %5 R DBN3 I
AR () TN P2 AIAEIS iR 7 . IRl LLE H,
LR R T BN IS, TR Z &/, ~F
¥4 %} H 43 FLi% 2 (mean absolute percentage, MAPE)
F34) 75 H 1% Z (root mean squared error, RMSE) 43714
2.4485%1248.39 MW, HUER 1 )2 Kl E A 28 o4~ 4
E LS. LT, 24 282 2 Ba g 2+ 2 J0A HOR 10,
MAPE #1RMSE 8 15 #% /) {62.3830% #1237.92 MW,
PR T3 )2 el 2 i i Tt 2= 22, I ELASE RS i) Tt
FERT 3G . R, ASCHIDBN TN ALY % 52 4 )2,
Horb P R B2 e 2 7o AN 070 9 15 8010.

KT TR % 24 B DBNAR AL 69 F0) 1 At

Table 7 Forecasting performance of DBN model under different network structures

228 e MAPE/% RMSEMW /s (4507 MAPE/% RMSEMW  #Eit/s
5 2.4652 251.11 38.16 20 2.4896 254.56 52.73

1 10 2.4580 250.08 43.15 25 2.5150 258.72 50.45

15 2.4485 248.39 47.73 30 2.6183 274.57 54.25

5 2.4202 244.59 61.30 20 2.3848 238.84 69.03

2 10 2.3830 237.92 63.15 25 2.4202 244.59 74.68

15 2.3888 237.94 66.60 30 2.4552 247.49 77.53

5 2.6361 275.25 90.61 20 24621 249.75 102.14

3 10 2.5056 251.94 93.76 25 2.5192 258.70 103.53

15 2.4826 254.38 96.42 30 2.6756 276.12 110.40
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Fig. 8 The comparison of load forecasting curves
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Table 8 Forecasting errors of four models

RFERES T RMBHEBP &) L KM B JEBP

RFERES LT RMBIEDBN - i S KM B EDBN

H 3
MAPE/% RMSE/MW  MAPE/% RMSE/MW MAPE/% RMSE/MW MAPE/% RMSE/MW
8H1H  4.7586 525.39 4.2442 396.57 2.2226 211.84 2.0224 195.47
8H2H  4.9007 450.58 4.4285 428.29 2.4174 239.63 2.0496 205.92
8H3H 4.7658 505.67 4.1710 438.03 2.3125 228.33 1.9206 178.00
8H4H 5.1764 504.13 4.9442 425.20 2.8252 246.74 2.3081 210.43
8HA5H  5.4949 574.28 5.2205 573.19 2.8569 316.04 2.4022 295.72
8H6H  4.2506 409.24 3.7500 385.38 1.9822 203.48 1.5915 177.27
8HTH  4.4587 444.95 4.1472 436.77 2.7709 285.01 2.4709 268.03
FHME  4.8294 487.75 4.4151 440.49 2.4839 247.30 2.1094 218.69
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