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Probabilistic Load Forecasting Model Based on MCQRDDC

DING Mei-Rong', ZHANG Hang'?, CAI Gao-Yan®, LI Yu-Xuan', WEN Xing', YAN Bin-Bin', ZENG Bi-Qing'
'(School of Software, South China Normal University, Foshan 528225, China)
*(Hodi Technology Co. Ltd., Foshan 528299, China)

Abstract: Monotone composite quantile regression neural network (MCQRNN) cannot analyze the time series
information and internal laws in load data well. In order to address fhjs issue, this study combines MCQRNN and dilated
causal convolutional networks (DCC) and proposes a new quantﬂe regression model named, MCQRDCC. This model
divides the input into quantile input and unconstrained input to make the output of the model increase with the increase in
quantile, so as to solve the problem of quantile crossing. At the same time, the DCC structure is used to help the model
fully analyze the sequence information in the load data and make the prediction results more in line with the changing
trend of the real load. In addition, MCQRNN utilizes the exponential function to transform the constraint weight matrix
and the hidden layer weight, which will affect the weight adjustment during backpropagation. In this study, the ReLU
function is used instead of the exponential function to solve this problem and improve the prediction accuracy, and real
load data is adopted for experiments. The experimental results show that MCQRDCC can effectively improve prediction
accuracy. Compared with those of MCQRNN, the average Pinball loss and CWC of MCQRDCC are decreased by 2.11%
and 9.31%, respectively, and AIS is increased by 10.51%.

Key words: probabilistic load forecasting; quantile regression; quantile crossover; dilated causal convolutional networks

(DCC); monotone composite quantile regression neural network (MCQRNN)
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1.3 MCQRNN '

MCQRNN 2 Gannon"™! f#i & MMLP (monotone
multi-layer perceptron)”*"! A1 CQRNN (composite quantile
regression neural network)**! #12 4 fty —Fft i T B 11 4343z
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X FH x, 43 BARRA AN G IEL AN, W, B W, 5y
AR LR E AL RALE, b, NN E W E.
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1 & .
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TCAE AL 1 7 A HL g 87 A H oA S D B DA R T
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o,

284 B HiARH % Software TechniquesAlgorithm

1, PICP<a s
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3 SRR
3.1 XJEEiRE
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RN HEAE T LA,

(1) =T Huber B TCN ST J7 3% (HTCN),
ZOTEB AR TS TCON A&, IR —Fh i+
TCN W50 A7 E Bl = X 2%, F48 ] Huber ML AL 35 2K
PR, fEAS R BT T, 1% T YRR X AN AL B
TN — AN AT .

(2) 3T LSTM ) 8 % AN QLS T™) Y, %
R A7 30 EH 5 LSTM AHES &, 248 7 [ B Fm)
P4 43 8 O T 1 75 22— B B T

B b, Jy T R A S R R AR,
R AT SO HEAT T 40 ARG

(1) MCQRNN-ReLU, 1 Ff| ReLU B EUR & Fa 50 bk B0t
2 SRR O AN 2 B PR AT A0 38, o 5 MCQRNN
—.

(2) MCQRDCC-exp, i FH 5 % of £50%F 2 o B A
W8 2 B R AT b 2, AR5 MCQRDCC — 2K
32 XWMESSHRE

AT 78 4= 3 SE 56 & K A Python 3.9 SE AR, IR
S HEZL R TensorFlow 2.9, SEIG T4 *F 4 {# F Intel
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HEATINIE.
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IR IRELH 200, batch size 4 2 048, 231 %5 0.01.

QLSTM /& —/)Z LSTM M4 Fl— 2 B 4%,
LSTM HIHH & e HCN 32, &E B & TN 32,
AR EA 200, batch size 9 2 048, 2 =] % 0.03.

MCQRNN 5 MCQRNN-ReLU 4% XUZ 4%,
51 EMMLITTECN 4, 5 2 B EON 2, 18
UHCH 100, batch size 4 2 048, 2% 3] %4 0.01.

MCQRDCC 5 MCQRDCC-exp 4K F i /2 M 2%,
B 1ENEBELCN 4, PN LT RET AL B2 2
HEEECN 4, SKN 2, TRE TN 1, ERIRECN
100, batch size A 2 048, MCQRDCC 2> %5 0.001,
MCQRDCC-exp 12 2] %4 0.006.

3.3 LIRS
331 XfELsraGas R

WM 1 prR, 5 A S8 vt F 0T bL S 58 32847 %
Eb, B PICP A58/ BAA, MCQRDCC At g b B
T I AL,

F 1 X E SR 45 R (@=90%)

Y APinball PICP NWPIW CWC AIS
MCQRDCC 24526 0.792 0.0300 0.0672 —402.200
MCQRNN 25054 0.840 0.0348 0.0741 —449.429
QLSTM 26414 0.795 0.0378 00845 —484.342
HTCN 44303 0.940 0.0936 - 00936 —1114.225
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¥ 65 & 5.80E+03 & ‘ = 5.80E+03 |
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85 5.40E+03 / : 5.40E+03
5.00E+03 L— - 5.20E+03 = 5100E+03 L— - 095 5.20E+03
1 21416181 30 33 36 39 1 214161 81 30 33 36 39
SKRE S O RREA SRR A SRE
() MCQRNN g (d) MCQRDCC
kS
’ Bl 4 BABETITE RN o000 s T BT h 28

’ »

(1) ##F HTCN, MCQRDCC ] APinball, NWPIW
PLE CWC 53 RIBEAK T 44.64%, 67.95% LK 28.21%,
AIS H-TFT 63.90%, W MCQRDCC I TN kS & 3t v
F HTCN, X2 A A8 KN HTCN &1 45— >0 sk 4D
FESL— AR EAT TN, 5 B0 SR TR A T o AT
B S AL E A, B DAL TI0RS BEAR T AR AL 1
HTCN ] PICP & T MCQRDCC, & H >y HTCN A
B i) NWPIW, B AHET MCQRDCC, HTCN B 5%
A 5 T AW T SR DX 1] ) B8

(2) ¥%F QLSTM, MCQRDCC £l MCQRNN [#]
BAAVEREML T QLSTM, 1X 2 K8 QLSTM R AT PL 4
8] 73 A1 8% > 20 r B A& S A, (H 2 QLSTM 1A
FAIRLECT (R 18] VA PN B AT 29 5, P DA B
P TIOINRS FE AR AR

(3) ##: T MCQRNN, MCQRDCC ff] APinball,
NWPIW Jx CWC 53 BIFK T 2.11%, 13.79% LA 9.31%,
AIS $2F+ 7 10.51%, i BAAHAE T MCQRNN, MCQRDCC
REIE— 20 23 Mt S far 2 P BB A5 R, DA o T )
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FE#f Z. 11 MCQRDCC 1) PICP .- T MCQRNN [ )5
[A7EFT MCQRDCC Lt MCQRNN F Fe 46L& 671 fuf A5 fb
Ay, AL TN X 1] ) 58 52 SE 8k A2, MTAT 58 MCQRDCC
()78 5 22 AH X I

(4) B 4 B ABEBIE A3 A0 55T T ) B8
s 12 H 1 B h &k, A~ B G B E
] rh 20 X 3 ) JRS RO B, AL 4, mT DB R R
HTCN ()& A 50 A T B P = A B AH BLAS X, 34
B3PI T HTCN JGiEA T 40 T 25 A 0 6 B0 #E A4
gy AT I 4H BT BRI QLSTM A7 78 73 (L B 52
X 1A] R, 32 R R AR AN A AU B TRAE
HEAT A& 23 1 MCQRNN 5 MCQRDCC %43 i
BT T A G ML, BT DL PR R Y AN A LE 43 3L
A2 X ]
33.2 AFRELEE T AMIFmE

M 2 AT LR B, AHER T F 45 Hek H b B A
ff) MCQRDCC-exp, MCQRDCC [#] APinball, NWPIW
LI CWC 3 IR T 12.96%, 17.58% LA 15.15%,
AIS 315 1 15.62%. IX U BHAHAL T HE 2R 28, FIH ReLU
BRI K A B 2 SRORCEE (1) 777 X B 47 i 1 % MCQDCC 2
PR 24 SRR EE N B 2 BE AR R, DA 0 B v T
DU PR RS it .

# 2 KSR R (@=90%)
i APinball PICP NWPIW CWC AIS
MCQRDCC 24.526 0.792 0.0300 0.0672 -402.200

MCQRDCC-exp 28.177 0.820 0.0364 0.0792 -476.658
MCQRNN-ReLU 24.863 0.848 0.0356 0.0750 -456.270

3.3.3 IR G R

TR 2 1S5 25 5L AT BRI, ?ﬁﬁc?%?%‘é%
I} 2% [f] MCQRNN-ReLU, & J# DCC f) MCQRDCC [
APinball, NWPIW B\ & CWC A% B A, ALS AE% 5 12,
Tt AR T A M 4%, DCC g T 78 0 H2r #r Hs 1 47
i Z (8] (RN A JE DA R N S B A e, 56 45 Tl &5 SR 5
INAF& Bt B AR A 35 DA S 43 A7 Y .

4 FR5RE

N T B RS RS X, FEFR 43 S AT R Ak B A A 4
i 2 R e A R DA R L AR, AR AR
MCQRCC 5 DCC #2H 7 MCQRDCC ##7!, iZ 4% A if
SUREE PN B SEAD K NS AL DN o S VA
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