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ABSTRACT:[Introduction] The purpose of this paper is to
solve the accuracy problem of medium and long-term load
forecasting of virtual power plants under the background
of renewable energy green certificate trading. In view of
the challenges such as data loss and long running time of
the algorithm, this paper focuses on exploring the influence
mechanism of green certificate trading on load changes, and
optimizes the prediction model to improve the accuracy.
[Method]Firstly, earson correlation analysis is used to verify
the moderate correlation (correlation coefficient of 0.410)
between load and non-synchronous generation instantaneous
penetration (SNSP), which proves that green certificate tra- ding
has an impact on load. Then, the density clustering alg- orithm
(DBSCAN) is used to extract the seasonal character- stics of
the load (divided into spring and summer / autumn and winter),
and the scale of the training data is reduced. On this basis, a
DBSCAN-LSTNet hybrid prediction model is proposed:one-
dimensional CNN is used to extract shortterm time series
features, combined with GRU and Skip-GRU to capture long-
period dependencies, and the auto-regressive module (AR) is
used to solve the scale sensitivity problem caused by nonlinear
features. Taking SMAPE as the evalua- tion index, the load data
of Northern Ireland from 2018 to 2020 are used for training and
checking, and SNSP is intro- duced to characterize the green
certificate trading intensity. [Results] Experiments show that:(1)
The error of DBSCAN- LSTNet model considering the green
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certificate trading factor (SNSP) is reduced to 2.56% (6.03%
when not consi- dered), which is significantly better than
traditional LSTM (3.91%) and SVM (23.45%). (2) The green
card factor can reduce the prediction error by an average of 4%
; (3) DBSC- AN effectively reduces the data size, improves
the efficien- cy of model training, and is robust to outliers. (4)
LSTNet combines linear and nonlinear prediction, which has
higher accuracy and robustness than single LSTM. [Conclusion]
The virtual power plant load forecasting needs to include
market factors such as green certificate trading. The propos- ed
DBSCAN-LSTNet model realizes highprecision medium and
long-term load forecasting (SMAPE<2.56%) through feature
dimension reduction and hybrid neural network stru- cture,
which provides a reliable basis for power market deci- sion-

making.

KEY WORDS: virtual power plant;mid-long term load
forecasting;tradable green certificates;neural network;
DBSCAN-LSTNet hybrid prediction model
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Fig.1 Clustering results of load in May 2018
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Fig.2 Hotspot map of load clustering

&1 3 24 2018 b2 IR 22 BB YR FR 48 7 A (IR 45 AT ey
ez, EI SR T e IR S R 2 Rk
IINUA B DU 247 i i IR AR I AR fl ka3, S 3RS EIAH
X



016 TR A REURARIESS 55 9 LSTNet HEBLHL) 674y T30

B3 1M
2025 4F 6 H

— S
— 1 7H AT

1600

1400

1200+

FFT/MW

800+

4001

1 1 1 1 1 1
0 50 100 150 200 250 300 350
o E)/h

3 2018 4E4AXAE 5 AT 17 sy x4 (RAFIE g )
Fig.3 Annual load distribution at 5:00 and 17:00 in 2018
(trough and peak)

Tl G riRZE, & SEEdEsk e
SRR, R S ISR, [ O AR A
YIGRFETe ], R, iz F DBSCAN M % A i
G T BRI A 2 AR, ZEUN G AN ST
F IR T R ) 7 gy TR A 2 LR 5 2RIE 28 )
TR, JEARW MR SBAE R

2 REAULRR) Sy T

2.1 BT LSTNet REHRLH) fa fay Prii s A4

LSTNet 480, 671 1o T A5 A py 22 Fofh 24 0
LB AN, S anE 4 s .

DBSCAN $& H it fif 5 PEARIEZ 5, 5 HA
BRI A, WA E]—4E CNN . Sy $ R [a]
FPANAERE b iR C AR LA R 28 i 22 [] ) SRy AR
X ZR, CNNHETZOERE, Hougia v
Eh o, EERn, 8 kAR AR X
e A B i Ay o ReLU Sl BRUCIR 45 B BTG el
B, LEEI, 5 tanh AL, ReLUPEREE A]
S5, MRS T R G

h, =ReLU(w, * X +b,) (1)

ReLU(x) = max(0, x) (2)

Bt A AHUZ a0 R R A 21 GRU Y3
JZVI K Skip-GRU i1 )= . H TR T 2k )AL,
GRU 15 BR I IR LA BRI AR 18] 2 51

HRIIAICIZE R . Bt 17— HA ]
BB HRAE AR I 2458, LAY RiC 2 (5 B
TS 1, AT o] AELA A A . R AR5 A:
JETE T 20 B e RS S AR AR R v ] — B B

() BB B TR 25 2 [ R skip-links, EDZ%p, p
SRR ) B R TS B . IR, Skip-GRU
PR B Ry b, p (ETF ARG SRR A TR,
SEEGRI, PEOLIE Y p o nT DL R A A e
MHpMKERESGY R, 56 LPRNHZK,
GRU #1 Skip~GRU i i% % J& i i Dense /2 # 17 41
4. Dense JZ 5 AGLHE 411 B Z] GRU BB HoT
RA R, VLK t-p+1 B %03 ) %) Skip-GRU 1 p
NI TTIRAS . AP Sy E R i 21 ¢
SR

p-1
hP = wrh® + wShS, +b
il (3)

e 0 e a
DBSCAN @®g e a ®o °0% % %0 0 ©

aVa

I
B FES >
o

Skip-GRU

8 [ —

2 5

Highway | JEZL P4 th

K4 353 LSTNet mebl i) i for Faiise e

Fig.4 Virtual power plant load forecasting model based
LSTNet

T BRI I R4 AR RS, (5550
20 [ 24 AR AT — A 38 [ 1 e 2k i ) o AR
FE L1 9 R SHURE S A TR . i
Yk — B, LSTNet i 55 2T 4 % g £k Tt
AR AR M U RSy, A
Highway [ A b £ P T50000 345 43 R P 14 Tl 0 4 7
(AR) EHAMEE, SIHTIAR A SRR OE 151 5
T

qar-1
ht%i = z WYk + bar
&= (4)



Vol.3 No.2
Jun.2025

B A T B ) R G 017

Carbon Neutralization and New Power Systems

W A S ARBER R AR N, ESS A
sigmoid PR%L, HERAIT LSTNet B 7
USRS

i=0(hf’+hf) (5)

2.2 bR

AR H SMAPEAE hy 2 22 ¥ M A 1, X
(6) MitEk, Hoh, X SCbefE, v, Hum
B, n A TRIE R,

100% < |y, —x|
SMAPE = = e T+ )72 (6)

SMAPE {f J i 22 PN AR 1 I o5 2 — 2 W] LA
ARG HAGETT7 o, AT
(ST S ey | D O 778 S R TN 93 |1 o=y K i
SMAPE HU{H 35 [ 4 [0~1001%, Horfr 0287 W A
AL XTI, B S X S UCHL, ANEAEIRZE,
M 100% & 78 AR A B 4 3t AN AL, R, FRAT)
E 3| SMAPE 2% — /1~ H 4 b FRonmy L AR
B, BRESMR.

3 B Hr

ARSI 53T T SR UE AT R ARL R T R 47 i T
B 520, I8 DBSCAN 5 LSTNetAHZ5 &, W%
ST il DR i % R G PR 3R i Ok A )
MERL R, B, #5377 DBSCAN-LSTNet i jil]
B 554G LSTNet X . SRI5, 51 AZSRIEM SR
R, Mg R e, xR HAb S
PERLER 2B, W TP R A e e
3.1 mSEE

AL /K 2 BB R 48 2018 4 — 2020 4F
TP . 4T LSTNet, % 20184F & 20194F3E
17 448 28 IR, 20204F 1 H —4 A ffidt
2 880 2K MERIFSE . 4T DBSCAN- LSTNet,
FRAE 1.27545 BT 4R B B far R AE X D 0 B0 004 7 4
W, A RIEL 2018 AE 2019 4F 1 4 H —9 J] faff k8
784 5 K05 N4, 202044 A fifif 3720 58
Pt R I

BRI LT python 3K {4715, K Pytorch 21 2%
HEZ8 1 47 1) EBLHl, 5 Tensorflow Al ., pytorch
B ERCR, X T LSTNet, 5 5 5 ¢ 1y A
HE ORI 114 24 A AR IR 0, L ) U 45 R

(R /IN G A SR LI AN [7) S B8R /N 6 F30 445 2R 11
s, 7EHADEE AT, @ER K
& History len4 % A48, 72F196, Fi B A /)N At
(h) o HARMZH AR R 2 PR .

# 2 LSTNet HBBIZH#
Tab.2 LSTNet model parameter

Rk Yl eIzt D
History_len 48/72/96
HidC )
LSTNet/DBSCAN-LSTNet HidR 64
Skip1 4
Skip2 24

3.2 g R 53

Frittz 5, WA R 2 i plas s> ik
F g T W% B2 ) SVML. BPNN LA K H
5T 12 ) LSTM, A SCHR X LR R R 5
LSTNet#47X Hb .

%} F LSTNet 1 LSTM, ARBFFEIR T 24
st N AR DD AR OGS . Hirbr, LSTNet#f
TR 28, 3H. 4 HWgEAEL, LSTM (i
LBl E L, 2. 4, 8F112, i F Dropout H
A REOLE, WSS RAEFER, HitE g5
HAT 10 E X5, 75 H X Y SMAPE, il
W) RS [0] 35 B A 1 T, 10 TR iR 25 - 3 A i
LR 2Z LR, MEIFR, SBAEEEN,
4 SMAPEHTE 10% (B LA N U gl Fuiiv: gets
KN AE A P, 7E 10% F120% 58 2 18] (4 1 3
HY 00 P RE A A E RT3 52 T B N . SR [26]
FIR G AEA S0 A Al BB H BT IR AE D3R, X R
T X E AT 7 ] A ey 0, LSTMASE 7 ] S0 3
SMAPE 4 3.3% iR 22 K5 1

# 3 LSTNet B S5
Tab.2 LSTNet model parameter

o SMAPE/% (%&  SMAPE/% ( R% &
SNSP) SNSP)
DBSCAN-LSTNet-2 [ 2.568 3 6.036 2
DBSCAN-LSTNet-3 H 25893 6.199 9
DBSCAN-LSTNet—4 H 2.600 4 6.8349
LSTNet-2 [ 3.0852 74022
LSTNet-3 H 3.039 5 7.1026
LSTNet-4 H 27918 7.106 5
LSTM-1 i fa] 4 6.167 2 6.505 8
LSTM=2 fif i} 4 7.855 4 52126



018 TR A REURARIESS 55 9 LSTNet HEBLHL) 674y T30

B3 1M
2025 4F 6 H

LSTM—4 I} [a] 3.9109 53714

LSTM-8 i i) 45554 5.08

LSTM-12 i) 45 5.0349 6.1716
BPNN 173376 21.1858
SVM 17.318 23.447

gER R, JURVEEIS AT LIk 245k BEAR Y 150
AR . X T 7 B oy F00, LSTM ] 3k 2] 3.9% 1)
W25, 5 ICHR [26] 6 far TOMORS B2 A 4, LSTNet
5T LSTM, 1R 2= i85 2.8%. (HAHEH
B, DL RIREEEAE SRR A S 4 R AR .
F] 1] DBSCAN 2 A B 4= 15 3 1iF, 5 LSTNet .
RS A AT, R2ETIK2.56%. RIEMWTEE A
[l NI ZS SR, A SCEICT 3 H Gy T
2, KSR,

L
0 10 20 30 40 50 60 70
il

—— FEBfii —— LSTM (%JESNSP) —— LSTM (% HESNSP)  —— LSTNet (% ESNSP)
—— LSTNet (A% [ESNSP) —— DBSCAN-LSTNet (% ESNSP) —— DBSCAN-LSTNet (% HZSNSP)

B 5 Alrlbmst ™ b Fuhil th 2k

Fig.4 Load forecasting curves in different scenarios

4 g5

ARG e n] AR RBIRSRIE A 5 Kk ST 5%
JREABLERL T FR R 67 o TN (DR, A o D Al
B WREEE S TCHME BOUAR I T4y T b L
55 DBSCAN X far A 73RS, A By vl FI 4Rk
Wik sz A bsgm, g R bE 227 i 80,
FLBTHERAE R . FIFHRRIEZS SR, $RBCH R
VR R A EA TR BE 2% 2T W0, ] e )
AR THEE, ALBUEE T, o 24
[, RIS TR (R, MOGERR R, R
DPKSHERE . 25t I 5 E TR A B 1 pi 22 X 2 55
B4hE, 2 DBSCAN-LST- Net BE4PLHE | 1 fif 13
DRERY | FF A4 ] P25 BEVRSRIIEAS B 58 i X 6 Ao 191
NEERRATS

SEIRRH], SRR T IS5 s
e, [FIB 25 JEERUEAS Fy PR 2R AT 0 oy U0 A fiff 1R 25
FEAR 4% 2o fi o BRAn4s, SCBL “BRYpAn” HARZIR
B, RSN RARE T, T2 g

Gt WO A T, ISRt T
¥ DBSCAN 51 2 > 7L 45 6 T A 300 Tt
W2, UL T ARSI IER M. LSTNet B35 1]
T EE A AN KRB P AE S, IS M4
G, MXT LSTMBE L B A U E#M:, A% IE
HIATT 2

T 2 E R, ASCHF IR T SRS ) i BT
A S, BRI 25 2, SR R AR

. 2R A T B AR AR SR .

€2
S 3k

[1] XU X Y,YAN Z,SHAHIDEHPOUR M,et al.Data-Driven
Risk—Averse Two—Stage Optimal Stochastic Scheduling of
Energy and Reserve with Correlated Wind Power|J]. IEEE
Transactions on Sustainable Energy, 2020,11(1): 436-447.

[2] WANG C,LIU F,WANG J H,et al.Robust Risk—Constr—
ained Unit Commitment with Large—Scale Wind Gene—
ration:an Adjustable Uncertainty Set Approach[J].IEEE
Transactions on Power Systems,2017,32 (1):723-733.

[3] WEI W,LIU F,MEI S W.Distributionally Robust Co—Opt—
imization of Energy and Reserve Dispatch[J].IEEE Tr-
ansactions on Sustainable Energy,2016,7(1):289-300.

[4] PARAG Y,SOVACOOL B K.Electricity Market Design for the
Prosumer EralJ].Nature Energy,2016,1:16032.

[5] R & &2 4.2 68 IR ) W) B9 58 B A5 X B 5T 45
I B R L TR 2 iz .,2019,39(22):6483-6497.
TAN Jinjing,LI Yang.Review on Transaction Mode in
Multi—Energy Collaborative Market[J].Proceedings of the
CSEE,2019,39(22):6483-6497.[6] TASCIKARAOGLU
AERDINC O,UZUNOGLU M,et al.An Adaptive Load
Dispatching and Forecasting Stra— tegy for a Virtual Power
Plant Including Renewable Energy Conversion Units[J].
Applied Energy,2014,119: 445-453.

[7] CHEN Y,LI T X,ZHAO C H,et al.Decentralized Provi— sion
of Renewable Predictions within a Virtual Power Plant[J].
IEEE Transactions on Power Systems,2021,36 (3):2652-
2662.

[8] MORENO G,MARTIN P,SANTOS C,et al.A Day—Ahead
Irradiance Forecasting Strategy for the Integration of
Photovoltaic Systems in Virtual Power Plants[J].IEEE
Access,2020,8:204226-204240.

[9] HERNANDEZ L,BALADRON C,AGUIAR J M.,et al.A
Multi—Agent System Architecture for Smart Grid Man—
agement and Forecasting of Energy Demand in Virtual Power
Plants[J].IEEE Communications Magazine,2013, 51(1):106—
113.



Vol.3 No.2
Jun.2025

T AL S o ) R4 019

Carbon Neutralization and New Power Systems

(10] 2= W far b sk S & AEEE T K M M id 12
NI = N1 SO S N~ - N I I i i
W M H R 2018,42 (12):4045-4052.
LI Peng,HE Shuai,HAN Pengfei,et al.Short—Term Load
Forecasting of Smart Grid Based on Long—Short-Term
Memory Recurrent Neural Networks in Condition of
Real-Time Electricity Price[J].Power System Technol-
0gy,2018,42(12):4045-4052.

[11] BENGIO Y,COURVILLE A,VINCENT P.Represen—
tation Learning:a Review and New Perspectives[]].
IEEE Transactions on Pattern Analysis and Machine
Intelligence,2013,35(8):1798-1828.

[12] KONG W C,DONG Z Y,JIA Y W,et al.Short-Term
Residential Load Forecasting Based on LSTM Rec-—
urrent Neural Network[J].IEEE Transactions on Smart
Grid,2019,10(1):841-851.

[13138 JF =09 & # .5 .57 wm B & @
L N RS VA £ O G S R A T
W 1 & 4 A b A6 .2021, 45(1):79-87.
GUO Yizong, FENG Bin,YUE Boxiong,et al.Ultra— Short—
Term Load Forecasting Considering Demand Response in
Load Aggregator Mode[J].Automation of Electric Power
Systems,2021,45(1):79-87.

[14] CHEN Y T,ZHANG D X.Theory—Guided Deep-Lear—
ning for Electrical Load Forecasting (TgDLF) via Ensemble
Long Short-Term Memory[J].Advances in Applied
Energy,2021,1:100004.

[15] CHEN K J,CHEN K L,WANG Q,et al.Short-Term Load
Forecasting with Deep Residual Networks[J].IEEE Tra—
nsactions on Smart Grid,2019,10(4):3943-3952.

[16] LAT G K,CHANG W C,YANG Y M,et al.Modeling Long
and Short-Term Temporal Patterns with Deep Neural
Networks[C]//The 41st International ACMSI- GIR
Conference on Research & Development in Infor— mation
Retrieval.Ann Arbor MI USA.ACM,2018: 95— 104.

(7] 8 5 B8, T % .9 5 8,55 .8 N 4 2 2 m
ARBEHENAR DR Tk RERS B FE
DL E OB AL T & 2% $i,2021,41(5):1729-1752.
FAN Yuqi,DING Tao,SUN Yuge,et al.Review and Cog—
itation for Worldwide Spot Market Development to Promote
Renewable Energy Accommodation[J].Pro— ceedings of the
CSEE,2021,41(5):1729-1752.

(18] Byt ik ify BRI 5 ap (g Ty T 3 AR B sl
K it B (1.8 71 R 4 A 3l 1k ,2020,44(16):12-20.
SHAN Maohua,TANG Honghai,GENG Mingzhi,et al.
Essential Cause and Design Thinking of Green Electr—

icity Market[J].Automation of Electric Power Systems,

2020,44(16):12-20.

[19] GUO H Y,CHEN Q X,XIA Q.et al.Modeling Strategic
Behaviors of Renewable Energy with Joint Consider— ation
on Energy and Tradable Green Certificate Mark— ets[J].IEEE
Transactions on Power Systems,2020,35 (3):1898-1910.

[20] BUTLER L,NEUHOFF K.Comparison of Feed—in
Tariff,Quota and Auction Mechanisms to Support Wind
Power Development[J].Renewable Energy,2008,33(8): 1854—
1867.

[21] AUNE F R,DALEN H M,HAGEM C.Implementing the EU
Renewable Target through Green Certificate Mark— ets[J].
Energy Economics,2012,34(4):992-1000.

[22] AUNE F R,DALEN H M,HAGEM C.Implementing the EU
Renewable Target through Green Certificate Mark— ets[J].
Energy Economics,2012,34(4):992-1000.

(23] 5K DL LI B0 R B 45 5F AT AR RE UR SR AIE M A% TR T
P D0 J7 5 WF 5 (D). 7 BE TR B ,2020,7(3):46-54.
ZHANG Yue XIE Min,CHENG Peijun,et al.Research
on Seasonal Calculation Method of Renewable Energy
Certificate Price[J].Southern Energy Construction,2020,
7(3):46-54.

[24] ZHU Q D,TANG X M,LIU Z L.Revised DBSCAN
Clustering Algorithm Based on Dual Grid[C]//2020
Chinese Control and Decision Conference (CCDC). August
22-24,2020,Hefei,China.IEEE,2020:3461-3466.

[25] KOUKARAS P,BEZAS N,GKAIDATZIS P,et al.Intro—
ducing a Novel Approach in One—Step Ahead Energy Load
Forecasting[J].Sustainable Computing:Informa— tics and
Systems,2021,32:100616.

[26] MOTEPE S,HASAN A N,TWALA B,et al.Power Distr—
ibution Networks Load Forecasting Using Deep Belief
Networks:The South African Case[C]//2019 IEEE Jor—
dan International Joint Conference on Electrical Engin—
eering and Information Technology (JEEIT).April 9-11,
2019,Amman,Jordan.IEEE,2019:507-512.

WA HII: 2025 465 20 H

Ve RISt

KOE R, o, # e, W TR
Ui, W 5T J7 1 R B R RE BOR,
zyr1198371431@163.com



TR A REURARIESS 55 9 LSTNet HEBLHL) 674y T30 F3E A1

2025 4 6 H

LWRE, o, BERPSH TR,
R R AR A HOR IS B B AL e
HORBPFEITREI G, v L TR 22 2%
WAL TAEZ A Z2 5t . EH T RE
BRI LW ERSLTRER ., B
G057 1M A T RAERE R R, jiangxiaoxia@

spic.com.cne

HT, 9, IEMZUTRIN, EoH
PP P R TR RERT BT I, 2
TIHREAR LB AR Z Bl b . [
THLT " 0 5 RGP AR E AR 22
B O AR R B AR
AR SRR T B AT . T
FEIT 1) 9 BAH REH R, baining@spic.

com.cn

EREA, B, Wi, TR, B
507 ) R H AL RE R AR, gaokangwei@

spic.com.cn

7/
]

BIFAE, &, W, BT ik
B2 4 S N T RETE AR RE USRI 1 1

lifangfei@spic.com.cn

IR, B, Wi, W9 AR,
WFFET7 1) A BT R REROAR , huangyijun@

spic.com.cn

ik HE R, 4, fi b, B B
FEO, WESE 7 T O B R A RE R,
zhangyanling01@spic.com.cn



