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Abstract

Against the backdrop of electricity market-oriented reform, short-term electricity prices exhibit core
characteristics of strong volatility, nonlinearity and time series dependence. Meanwhile, existing
forecasting models suffer from insufficient capture of long time series dependencies and disconnec-
tion with engineering implementation. To address these issues, this paper designs and optimizes a
Transformer-based short-term electricity price forecasting software. Firstly, the multi-dimensional
influencing factors of short-term electricity prices are systematically sorted out, and key features
are screened through a combination of correlation analysis and mutual information method to con-
struct a high-quality input feature set. Secondly, collaborative optimization is carried out from three
dimensions: input features, hyperparameters and model structure. The Particle Swarm Optimiza-
tion (PSO) algorithm is introduced to optimize Transformer hyperparameters, and time series po-
sition encoding is integrated to enhance the model’s temporal perception capability, so as to con-
struct a PSO-Transformer hybrid forecasting model. Thirdly, based on the three-tier architecture of
front-end, back-end and database, the whole process functions including data preprocessing, model
training, prediction output and result visualization are integrated to realize the engineering imple-
mentation of the model. Finally, experimental verification is performed using the dataset from the
PJM electricity market and that from a regional electricity spot market in China. The results show
that compared with the traditional LSTM model, the forecasting accuracy of the optimized model is
improved by 23.5%, with the MAE, RMSE and MAPE reduced to 0.028, 0.039 and 2.42% respectively.
The developed software features stable operation and friendly interaction, enabling efficient and
accurate hour-ahead and day-ahead short-term electricity price forecasting, providing reliable de-
cision support for participants in the electricity market.
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1. 5|8
1.1. ARER

e M) T IO R, IR TR o) HIE Ak, A T L] T i s A 3% 1) T 3k
EN1]e IR (HAT DB ZOME NI T RIRRL B OMES, 2 Faelit /152 ER xR
s, SEIERARLNE . S K P ARPERIE2], FORS AT s R L KBS BT REUR T
g K X B ARSI E EERTEE[3]. A E A IO 32 B AR GV E SRS S T . ARG ik
ARIMA. SVR) [4]7EAFE ST 4B AR FRAT AR LR PE G R AFAE R IR, TR EEA 25 LSTM %Y i fe 5%
o0 2 Y e ) O, (LR R B 4 R AR ) R A 5]

Transformer F35E T H 13 5 V) (Self-Attention) ML, i FEAT THE SLI K I HicHs 4 = 1 ¢ & 1)
AR, 7R H ARG T AT I I A e e AL R R [6]. AR, A BE T Transformer ()55 L
W F A 7T 2 4 B A AR B LB By, R Z S SRR N I s A S TR B SE L A, B
Transformer BRI ERI N FFAETRE . ESHICE . PG oS0 a2, SETNEES T
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RESIEFIPEAE A 710 BRI, Beit—akIhRese s VERERaE 1 Transformer JEJE M LA PN B, i id 22 4
FEMACARTH IS L SC B TAREATE M, BOA =4 AT 7T 5 N TR e SO it e I sl 5 8 D) /oK

1.2. EASMRZIIR

A1 ) T A AR R AR, R A AN TN 5 O BN BOA AR &R o FEREY N F D7 T, [ b
S AR AH Transformer B8N T~ FLAN TN A0k, 8 It 43S 28 468 ) 5GdE S A PO PE BB 81, Llorente, O.
SF[8]4 Hi 3 T4l Transformer [/ AN TN AY, 255 2 4k BERF LAl 5 SR IE, TR 2 8% 48 LSTM
BIPEAC 25%0L b; Jiang, H.AF([9]5] N Y 5 vE R JJHLHI# i Transformer AR, HRHERT 152 2%
Yyt NI NAR o fERARVE T TH, B4 R ILH Grid4C. Energy Exemplar S5 Mk AL HELAR T 4K A4
XA R 82 PRI R B I S R T v, (ARG E 2 . W & O BESH S A, 6
R L E A L T AN R SR [10] .

[ AR A HL ) T A e B HERE I A T B S DGR S HR AR T . [ N 2 T e
Transformer 284 12t 5 N R IFRER, FMVIKEE[ 1R AR #EILAL B (PSO) AL Transformer #2244
2213, ok T RS0 E B SR R R & RIS €& [12]5] AXGETE I 75 73 & 1L (ST-Former)
S AR R 0 SRR I B DXIBURHIE (A P2 e ), B 4R T I e PN RS B2 . AR T [ N AH SS It FEAT AE AE
ZURFER: H—, ZHEWIRRRTEEGEZ, =2 TR SRR SEEL, ok EE RS T
LR R K, A DS DI RO R, R B b 2R A5 RIR
LR TEThRE: K=, BRI Z RAET R4, B XMNRHE. 8BS HRR 51 1) 2 4EFE B
[FRAL,  AEAF PG FE 5 A B A 1 REATI AT R T T

1.3. RABTEHF~

1.3.1. IEAE

ASLH ST Transformer BRI AN TN AR BT S0 T RGW 7L, e Bl 2 4k 2 2 i
K&, 43HT Transformer A 7Y iF B 5 B VR IHLGIRRE, BFFCECHE POAL SR . RRAE TAZ . BERUPPAL S5 k% O3
RIFRHRAIHEAT Z 4k B BRI AL, #I%EE PSO-Transformer JE & T, ¥ 53T =280, TFRH
PR, BERLNZR. T H . AT e BT SR R A DA, SEI A IR AR B BE s e @i A
THER A 5 SE bR BUE SR IOE AR AL AR AL B8R

1.3.2. ARBIFR
BUFT E LR 1 TR

Table 1. Innovation points

= 1. QS
R EFES =R Yollj B
i et Z 4EE U R4 i) PSO-Transformer VR A 182, 45 G HHETRIE. BSE S FALE 9
g3 ag, A LT AN TR FE S 2 AR
5 SEP Transformer B TREAL T, Wi H I R D RE 5 2 19 R0 B F R TN 4R A, B i Tk
P BRI SR. TN Hr EREThRE, EAMERIAE S s U s B
3 A2 5A BT, SRR EAEARER 5T RS, RIS TSR,

B SR K S P 5 AT
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2. XERSHAREM
2.1. FEHAR MR SR MME &

T EAN (R SCRFFR /NI 2. H BT BN A% O R PE 2 B IR = AN T — 2o s, B RedR
AN B, ARTEA R B SRR, BMAERNFN B I ERs); —R&IELM:, HmnE%
MmN R Z WA E S AR R & R, MELLE T LR MRS HERLA13]; =2 K i, 4aras
B 5 2 N B AR B R, 2O BRI B R S B AR R 14] . JE i SC kR T S SR
B b, ASORER BN O R R, AR B R FraelR i SRR MR
S5 EIREE. BSRSTIHRER.

2.2. Transformer {284 [RIH

Transformer 5 78 f 2 i 45 FARAD 28 P9 30 0 2L, A% O 38 E T 0 B v 7 JI ML SE B K 7 408

A SRR R IIFATRHR[15]. RN PATES S+, FERHwmiassi, K o0f8-afEaiEss

2 BB RN AR, BRI A Rk R
0=XW, K =XW,V=XW,

. oK™
Attention( Q|\K|V ) = softmax V
(o) -soma %
» X EINFHEFERE: W\ W« W, 2 HIAEH(Query). #(Key)- fE(Value) KIBLEHIEFE; d, FiE

i
IR RIAESE ;s softmax PREUH TR 7E B B VA — 4L 2[0, 17X 5] -
Fr

T Transformer B A B R B &I 7 BOAIRE 71, 7 8347 B 4w fd(Positional Encoding) % A 7 517%
NI FPAE R [16]e ASCRMIETZ-REAL B S, HECARIEWT

. . pos
PE(pOS | 21) = SIH(WJ

. B pos
PE(pos | 2i + 1) = COS(—IOOOOZW”’ — )

Hr, pos NEIAFFAIRIAL B RS @ WAFIELEE RS d, . WERBLHIREYEE ;. PE(pos|2i)
PE ( pos | 2i +1) 73 3\ Z 7= BB 2k 2 AN 5 B4 P2 s B 1
2.3. bR
2.3.1. NTFEMILEPSO E*

PSO Hikig—Fh3E TR e i R AL B, @R S i . S SRR AT N SE R
R R[17]. ZEFEEFWSCEER. SR ER . SR REEREMRS, EHT Transformer 7Y

rEZHAAL .
PSO Bk 0 AR : KR ML RN — A BT, PR P AL MR, RN

Tl R B B A AL B AR R AL B SR B S A B AR, RSB R . A B A
JEH AT
Vid (t+1) =0V, (t)+cl ‘h '(pi,d “Xia (t))+6‘2 L) '(gd “Xia (t))

X, 4 (t+1)=xi’d (t)+vl.’d (t+1)
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Hot, v, (641) o v,y (6) P BUNE i ARITLES d 45 E o+ L2 (IR x, (t41)~ x,, (6) 09
NN ZIG E: o MR ¢« o, AW T v 8 01 ZIRBENEG: p,, NE i AVRT
BAMERALRL B g, WAL 2R B R .

2.3.2. FHEFFERAR

AICRRARME ST + A5 EIEM A G TRE SRS, HIBRITCARFFEI (R B OCHARE, B 22 i
THE S FHIES AN Pearson FRZREL, MrEZVEMCRERE, MIBRAHC REAERIHE/N T RERFE,
AT EARE S A 2 B BAS BE, SR ARRYEAROCRR RS, TS BMEEOR R AR S F 0 1) R R

28

24. REFRBEEAR

ASCFE R R I A T AR R F R0 Ve js+ Ji5 o FastAPL+ s FE MySQL + #EZUHESE PyTorch )
FiRM, SLIMARAEIIRE.

3. &F Transformer BYZEHAR M FUNERHEL
3.1. FEREREHEEFR

BF 04 4t Transformer 1584 7E J7 H HLAN 0 TR A2 ZE VN RRIETU R . BIZBIEA G, WFER
NS RS R, ASCHR M Z W R T %, % PSO-Transformer B & TR A o ARAYARAL B %
O BB E I A SR + BB AT SRR AE, A s U N RRE SR s HUCR ) PSO HIE
At Transformer B AYHE 40, MRS HUERE B ERE; & e 50 NI P A7 B g 055 sa L 40 (1) i 3 80
Ae/y, IR ZEERS ZIE— AR TN AR s e Z0m I AR Y G 15 B R A A 0 T A
A,

3.2, MINARIEMEAL

3.2.1. FHETFIRS

LI E A TR R B N R L P s A e, AR SRS R YR, AR AR SR
TURFHIE, 5 SBEER NGRS A KT Al Wit + BA5 BRI A G E
[iiprin i
3.2.2. FHEMFEALSSI

AR Python 1B 5, 24T Pandas. NumPy. Scikit-learn JZESEEU NFFETRRE, ZO0B A X EIA
FHEBR AT E R . R BB IR XA —4, TRORFFAERORE (G 251 M scipy.stats.pearsonr 115
RIS AN AR OC B, Ik HEAH DG RELZE XA > 0.1 PIHFAE; 83T sklearn.feature_selection.mutual info_re-
gression THERHIE S AT TS BAH, RE EAS BAH >0 MRRAE; R0k 5 A% O R IE AT it R S5 M1 3L
Frs X, AEA SRR -

3.2.3. THiEER

PL PIM HL T8RS B, JRARH NRRAEEFE 12 AR g 7 s g R H 7. etk .
IS MRS BRAKL BEES B TEE. EAERC. REMES . B R IE TR IR VR, AR
9 ANREERFIE, 2 50N: SERF ST, PrsE e, KU D0, SRR TINME . SRR, B B AR
0 BREMIKE . SZIRIGIER B, ARALTRL)E, BIRLIRRIET 28.7%, TRIKE LT 6.3%, H 8K
T IUARSFER T4
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3.3. PSO B #iiik

3.3.1. it SHESE
Transformer 157 (141768 2 HOuk RS KE MR G2, AN ST RO R R P RERE i i KR 5 AN 2 AT
e, BESHNR RV E L 2 Pros:

Table 2. Hyperparameter search range

2. BERHERTHE

HSERT BERWEH FK
NS WADS A 4~12 2
S8 64~256 32

)R 0.0001~0.005 0.0001
ARIREL 100~500 50
dropout Z% 0.1~0.5 0.1

LA ) MAPE 1 J9i& N eR 4, PSO 53k H) H A2 /M MAPE, HREIRMESHA S

3.3.2. PSO BSH MR B
2T Python 155, 454 PyTorch. PySwarm 2l PSO #SHfitk, oSS an R

Python

import torch

import torch.nn as nn

import numpy as np

from pyswarm import pso

from sklearn.metrics import mean_absolute percentage error

# 1. IR 5 AR IE R 5AR%5 (2 58 BPAL HE)

X train, X test,y train, y test =np.load('processed data.npy', allow pickle=True)
# 49 Tensor 152

X_train = torch.tensor(X_train, dtype=torch.float32)

X_test = torch.tensor(X_test, dtype=torch.float32)

y_train = torch.tensor(y_train, dtype=torch.float32).unsqueeze(1)

y_test = torch.tensor(y_test, dtype=torch.float32).unsqueeze(1)

#2. & X Transformer T
class TransformerPredictor(nn.Module):
def init (self, nhead, hidden dim, dropout, input_dim=9, output dim=1, num_layers=2):
super(TransformerPredictor, self). init ()
self.embedding = nn.Linear(input_dim, hidden_dim)
self.pos_encoder = PositionalEncoding(hidden_dim, dropout)
encoder_layer = nn.TransformerEncoderLayer(d_model=hidden_dim, nhead=nhead,
dropout=dropout, batch_first=True)
self.transformer_encoder = nn.TransformerEncoder(encoder_layer, num_layers=num_layers)
self.fc = nn.Linear(hidden dim, output dim)

def forward(self, x):
x = self.embedding(x)
x = self.pos_encoder(x)
output = self.transformer_encoder(x)
output = self.fc(output[:, -1, :])  # &S5 — N 825 I H
return output

#3. 58 XA E w2k
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class PositionalEncoding(nn.Module):

def init_ (self, d_model, dropout=0.1, max_len=5000):
super(PositionalEncoding, self). init ()
self.dropout = nn.Dropout(p=dropout)
pe = torch.zeros(max_len, d_model)
position = torch.arange(0, max_len, dtype=torch.float).unsqueeze(1)
div_term = torch.exp(torch.arange(0, d model, 2).float() * (-np.log(10000.0) / d_model))
pe[:, 0::2] = torch.sin(position * div_term)
pe[:, 1::2] = torch.cos(position * div_term)
pe = pe.unsqueeze(0).transpose(0, 1)
self.register_buffer('pe’, pe)

def forward(self, x):
x =X + self.pe[:x.size(0), :]
return self.dropout(x)

#4. 58 USRS 1Al R 2

def train_evaluate_model(params):

nhead, hidden dim, Ir, epochs, dropout = params
nhead = int(nhead)

hidden_dim = int(hidden dim)

epochs = int(epochs)

# R

model = TransformerPredictor(nhead=nhead, hidden dim=hidden dim, dropout=dropout)
criterion = nn.MSELoss()

optimizer = torch.optim. Adam(model.parameters(), Ir=Ir)

# YRR

model.train()

for epoch in range(epochs):
optimizer.zero_grad()
output = model(X_train)
loss = criterion(output, y_train)
loss.backward()
optimizer.step()

# ATl AR
model.eval()
with torch.no_grad():
y_pred = model(X_test)
mape = mean_absolute_percentage error(y_test.numpy(), y_pred.numpy()) * 100
return mape

#5. B XSSP RIEE
1b = [4, 64, 0.0001, 100, 0.1] # HEEH T H
ub =[12, 256, 0.005, 500, 0.5] # WS LR

#6. 1217 PSO HikifL 5%
params_opt, mape_opt = pso(train_evaluate_model, b, ub, swarmsize=25, maxiter=60, verbose=True)

# it IR OUE 2405 % R ) MAPE
print("EBMMESHAE: ")

print(f"VER J13k%:  {int(params_opt[0])}")
print(f"BEZ4E . {int(params_opt[1])}")
print(f"2%>J Z:  {params_opt[2]:.5f}")
print(f"iEfLXEL:  {int(params_opt[3])}")
print(f'dropout &%{: {params_opt[4]:.2f}")
print(f" &zt MAPE: {mape opt:.2f}%")
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3.3.3. fifkER

JEt PSO Hikthith, B 133 Transformer #  EARE SEE R J13KE00 8. FZ4E% N 128,
)% 0.0012, EARIKECN 350, dropout RECH 0.25. fiAb/GE, HEALH MAPE MARAL T 3.76% % 2
2.68%, TRMKSESET: 28.7%, W] PSO FLiLREW A R 1k Transformer S8 E H VL&, 25
RIS A, BERIIGRR .

3.4. BRI HFEALEREER

3.4.1. it
f£ PSO @SB LRI L, i 5 N IE52-43 5207 B Yn i 3 5 7 i s e RN GE 11, A s B 1)
PSO-Transformer J& &AL, FRAILER) 43 NIUZE: RN ALE SifS )2 . Transformer Zwfid 282 L dir )2

3.4.2. ERMEHRIEHIE

NEAE PSO-Transformer R A B I RALBCR, #5450 LSTM #5482, Attention-PSO-LSTM # ! |
JR4f Transformer BEAYHEATXILLSLES, SCI0RA PIM WL ilndise, FifebntiE MAE. RMSE.
MAPE. Xf SR WA 3 fos.

Table 3. Performance comparison of different models

= 3. TEERMEExTEL

HERIHAY MAE RMSE MAPE (%)
£ LSTM F 0.040 0.056 421
Attention-PSO-LSTM ## 7 0.032 0.045 2.86
JE U Transformer 5% 0.030 0.042 2.68
PSO-Transformer f# %4 0.028 0.039 2.42

FHZ& Al %1, PSO-Transformer #7 ff) 8- TRIE Ak FE AR S0 T HoAth o} LU AR Y, Horfp MAPE #4448 LSTM 4%
HIFRAK 42.5%, % Attention-PSO-LSTM HEHYFEAIK 15.4%, % JFLE Transformer FAIPEAL 9.7%, F U@
ZYEFE O RIARAL, BT X A 3 RN I TN P A B BB BT, BRAIE T T R S
4. FRHEAB M N E BT S0
4.1. KE2EET

S A N R B e B bR TR AL S 1 PSO-Transformer YRS, SCEL % HA LA 10 i
T, RALEIETACEE . BRI, A . 45 RATAb . BURE S S AT, W tisiTR
SEN LH KU B HYESR, RERE NEIM AL, BHEAT . HAH PSS S EARRAE AT R R R S . B
FER AR - G - B E =R, SRR TEW . B A AR
4.2. EREPUEM IR
4.2.1. BiETALTRELR

Hdls AL A R B A SRR, ST T SNBSS GG B BEAT IS Ve . PerEAL . RPAETR I SR AL B,
DRI R AN FHIN 47 A v o e SO

4.2.2. REWIZER
TR I A Bt Tt 3 T AL 38 IO BRI 25 PSO-Transformer JES AL, [FIN SZERE 4 LSTM KA,
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Attention-PSO-LSTM 1| i 4h Transformer BRI ZR, J7 18 H P 3T 200} LU sEe . HARThRE W&
4 FoR.

Table 4. Description of model training module functions
= 4. REN)IZERIBERR

BRI 2K RAThREHA
X HHES LSTM, Attention-PSO-LSTM. 24§ Transformer. PSO-Transformer PUF{RY 1%
B R P A EXS S g oK, AR VAR B AT I SRR
BHBE XFESHNTRES A, BSREAFRERTEREL BEYEE . IR %E, 53
o RALKA PSO B3k, —RAHURMBSHA L
KR 2% PIGR AL S R BURAS . WA TRAR(MAE. RMSE. MAPE)EALIIZE, SCRFIZRIERE S

- AR SCREIZGPIRT S SR RE, 8GR A W S BN ZROR 2%

WZREE BRI SE, SRR SN, RHERCRERE, AP EERA ST
2

PRI e

R R

4.2.3. FUIAEIR
TR A P2 A A% D DR, G0 5T 5 T I Rt R Y SE B ST LA RS HE T, AR DhRE L& 5
I
Table 5. Description of forecasting module functions
5. FUMIRIRINREHEA
BRI RES 2K BT Refd
[LECEE N IHFFRANCAFRR SR, T B AT R RO, EREEINL, IR
SCREPIREEE AN TT X FE AT T & FRE SO, BRAEEE; S\ CSV/Excel # NI T

PRBEAAN pose, wmot R AR

e ne SEPNZE(1-24 ). FRTZ TR BT, A0V P 5 SRR (172 /D
PRMRAERE ), e R i oA ok

e, SR TR, IS RO R G SRR, T A AT
Tt 25 S

AN IR I BTN AR

4.2.4. ERATRLRR
SRR A SR B R . BRIl R AR . BRI LR NE M R, Tr R b
Hos SHAVERE . FAAThRE WA 6 Pm:

Table 6. Description of result visualization module functions

6. LERATLIARIRINREFIA

HRThiE K BT

sy OTREID RTINS O L, S B NG RERALG, o
I

o SRR . 5 5 YU S B MAE. RMSE. MAPE 268 OiF(h bR, &5 s

PGHRER AT et b i

O gﬁéiggﬁaﬁﬁmsﬁmmm%ﬁ,u%%@@ﬁﬁmﬁgﬁmﬁ,ﬁ%mﬁﬁﬁ

DA R A om BRI SRad AR ARG PPASTRFR ARG, SRR ZOR . 4

WERLRTBME ), s P A S B R
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5. SCIRIHES 53R
5.1. SCIO¥IREE

AR SR FH G R HE SR AT Y S AR PR AR IR AIE, 73709 PIML R 117 35 O3 TF 80308 B A0 3 1 [X
R BB T S P a4, T SIS B 4010 /D IR LAY A SR i DR R s, I TRIBS T 1 4, 1
REAE RN Pk S 2R, EREN . ST RN SRIER K, BRASERERE B W% 7 .

Table 7. Information of experimental datasets

®7. KWBEERER
p&p it HE e TRV S HAE ALERHE B RIR
S ARG ISR KL T

PIM ?Ejg%ﬁ 2024.01~2024.12 8760 %  ORARHITMME. K. A, 2 Pjhfﬂl\;;fr\c%ng;%ion
Wi, W RRIC . MM R R
XIS AT BTREIRH ST, A .
FE 5 X S0 ) P PHET B mwsmgn s
oy 2024-01~2024.12 8760 4 S5 HHE. ﬁzéﬁgg)\u%\ s S Bl 6 K

5.2. REXFLESEWE RS 574

TEHREE PIM BiEE ERIMERERTEE

P ASCHE H ) PSO-Transformer R G H 5 % il 7B (ARIMA) . & HPLES 5 I B (SVR). 44
TREE % 2] BY(LSTM) . Attention-PSO-LSTM #% & 5 4 Transformer #E847E PIM HL ) i3 8 48 kAT
XFEESEEGy, S UEASEAY (R SRS FE AR Hy, SeIe a5 R LA 8 R

Table 8. Performance comparison of different models on PJM dataset

< 8. RIEAE PIM BUEE ERYMREXTLE

TERIRAY MAE RMSE MAPE (%)
ARIMA %Y 0.085 0.102 8.96
SVR #5iA! 0.062 0.078 6.53
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