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Interval Prediction Method of Power Load Based on
Metacognitive Type-2 Fuzzy Neural Network

SUN Chen-Xuan' HAN Hong-Gui*® WU Xiao-Long**® FANG Fang'

Abstract The prediction of the key indicators is a challenging problem due to the high nonlinearity and strong un-
certainties in power load data. To solve this problem, a metacognitive type-2 fuzzy neural network (MCT2FNN)-
based interval prediction method is proposed. First, a type-2 fuzzy rule based on multi-value mapping is designed to
extend rule consequents from scalar values to interval vectors by using interval estimation technology. It can handle
the variable correlation bias caused by uncertainty and capture the nonlinear relationship between the variables in
the load series. Second, a type-2 fuzzy neural network (T2FNN) with an error compensation mechanism is estab-
lished. In this network, a dynamic feedback structure is introduced to perceive and compensate for cumulative er-
rors and model biases in real time, which can achieve high precision prediction of key indicators. Then, an interval
coverage probability and interval width-based metacognitive learning algorithm is designed to adaptively optimize
the boundary estimates of T2FNN through the real-time assessment of interval reliability, which can improve the
confidence level of interval predictions. Finally, the proposed MCT2FNN is applied to interval prediction tasks for
the urban power system. The experimental results demonstrate that the method can provide high-confidence and
precise prediction intervals for power systems.
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Fig.1 Interval prediction method of power load based on metacognitive type-2 fuzzy neural network
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{%E 772(t)yp(t) < nl(t)gp(t)a i_—,] Vp e {1a T P} Na
X (25) M

0:(t) = 0:(t — 1) (27)

fBOL 2. &1 & A B B A 2 n2 ()7, (1) <

771(t)gp(t), MIpeil, -, P}, (25) R
0i(t) = [mi,1(), mi, 2()]

i, 1(t) = ni, 1(t)

(28)

ni,2(t) = ni, 2(t)+ 0
(29)

FEM X RS R, 51N JTIl RS, Sk
I ML ORI A I FUN X 8] f) B B iz s g g s
RLF 5 SN I AL R Rk 5 20 A, 38t S HILARORE I T
DX 18] 3 2 2 Ko 2 AL H bx, 05 )& S 300 X 18]
FIREBEGEH S

DR ERE T B I R0 RSR[5 1) X T



6 3 PIVRME A

FET IO T BRI P 22 X 2% 10 H g A7 A X T 500 7 72 1151

DRERY | 50955 1 25 26 2 2] 1 AR I D XD
HiE1 WMEFEI IR
1) ¥Ed. AR N, SRS AL K,
BEHLBT 46 4k 3 8 B 0 b ot RO TERE L BUE AL &
RN NGFEARRANE Py, |RERIREL S, ZHEH
AR E KT T, \,(0) = 1/Py, 4RI Z1 t = 1;
2)fort=1:N—-PF,
3) forp=1:P
R4 (6) ~

N

)

) (13) TEHIH v, (1);

) THELIX i) = YRR A 22 N 2 S50 4K
) FIFBEEE T B BE T B S 4L
)

)

)

N O Ot

end

o

R¥E (6) ~ (13) tHEHIH yi (), -, yp(t);
R (15) TR ZEAMERE R FIR IR R ZE 6(2);

10) AR#ER (19) THEBE RS h(t);

11) AR#ER (16) ~ (18) EEHTLLBIEF X(t — 1);

12) for i1 =1:1

13)  MHEK (26) THEE ¢ AR RE R

14)  BEEEE i MMERINRLT 6, ,(2);

5

16) HEHr e RRIKLT 0,(t);

)
)
)
)
)
)
)
17) #R¥ER (24) ~ (25) FEHRL T
)
)
)
)
)
)
)

=]

—_

end

18) if 9y ()7, (1) < m(t)y, (1), Vp € {1, ---, P}
19)  MRER (27) E%ﬂu%

20) else if 1, (1)y,(t) < m(t)y, (1), Ip{l, ---, P}
21 *E%Eit (28) (29) E%‘ﬁﬁ%
22
23 zchXEIEJL?%n2() (1) %ﬂTﬁm(t)gp(t);

24

en

end

3 SLWERRKSR

T IR R B, AR SCHE T S X T s
F3 A BOHE AT B L. T S I E M-
crosoft Windows10 35 T, i MATLAB 2022b
P 8 SRR BRI ot 0 — YRR ik 25 X 45
i A e & .45 Intel Core Ultra9 #4b¥E 2%, 32 GB
RAM, 2.9 GHz B8040 1 P e TS AL,

3.1 SWigE

1) B KA

FHL 77 B s S0 SR FH 0 FUAR 2 0 K 27 AR TS o R AL
A5 T B I R e B A 2 T R T P 4
PaE, NS BN E (°C) IR (%) KGE (m/s)s
SR HOR (m?/s)s SERHHUR (m?/s), i AR &
N2 X E AR (x 10 MW), AFERAE 119 1 h.

2) H A AL B

a) BURTEBE. LB EE, FIH 3T 0T HdE
S S SEAMER AR

b) JA— AL ER. B B A i N AR B RN A AR
ITIA— A3, A SRAL T [0, 1] Z 08, BAVHBRAS
[Fi) F X A R )1 R ) S

3) MM S HR E

Bt B &S MK IS4, B, T
O AU LGB RELE X H] [0, 1) WBEHLIESRE, TE%
WEN L, FNECH 4. BFXERZRMENLE], BT
Bﬂﬁ/zﬁﬁﬁ%%ﬁ&ﬁwﬁuﬁﬁ 50 %, ¥l aﬂz
9 0.015, IR IER F A\, (0) = 1/Py. NifiES
I B & DR/ P AR SO HEIE 3 & H RN %IUJ
12, 24, 36+ 48. 60 72 MEARN K7 LR, & 2
TR T B SEAEAN [F B & R/ IR T R
IR ZEFEIEE T R? (R-squared) 7 20 (A7 5256
THBME + AR E AT B, R T 4RI E)
VO 25 R, 183l & RS PR 7 v i 1 e
AEKFE. i3 O/NR 24 B SR RE
BB B AR HAR e M d . BhAbh, H ) S i (9 fir
(9 sh A AR B R SC R %) I 24 /N H 3
Rk, PR REE R 1 H A B A B A AR
Bk, fEARSEIG Y, W E HOR/NEE N 24, 7]
DLIE e HL 7 S fef H R shas P, ARHF 78K 3
A B ARSI AT O A K 4y, i ] e KR
TSl DR 8] 7 4 sk R 5, seaiilgeae 5
RSN AT 21, 8RR %
P9I 77 S B HEAT IR, SRR — B 220 1) gy (i gk
ATTO, B S DS s — AN AP, R

0.95 : : : :
it R? T R

e g i |
L 085} -IE -1[ ]
o
b=t
o080t

0.75

0.70

12 24 36 48 60 72
THENE 0K
K2 AEEHE SRR
Fig.2  The performance comparison under
different sliding windows
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S 52 &

B CIAN A ST A, B EIEAURECN 100, i
THEY 100, BHERCEDN 1. T H N ff7igs 2=
T AE 30% ~ 50% U [l A, 7 BF 38 = A gy (¢) AN
no(t) /NF 0 8L ny(t) Flmp(t) KT 2 EAEHE K
ui e, WERLFVEREIN (0.5, 1.5], #fRILILISFER
R T AN P S PR

4) VA FEAR

N T HERTEAL T VENE RS, AR R BT IR IR %=
(root mean squared error, RMSE). #1& & (R-
squared, R?). “FIZa%; 5 /) LR % (mean abso-
lute percentage error, MAPE). ICP. IW. % Ti&
N JE PR U & F84% (composite indicator, CI) il
X [a1# & (interval R-squared, IR?) #EAT{FAH.

a) RMSE. #& Wil{E 5 5 brfe 2 8] 1)1 2 iR
7, WK R Z UK.

RMSE = J =326~ ()7 (30)

HoH, by () A TR
b) R?. HrE AR LFIR, ikl 1 R

BRSO R T
™ (@p(t) — hy(1))?

R =1-"" (31)
5= (3p(0) — wol0)?

Forb o () ANESAERIT-EMA.
¢) MAPE. JE&TINE 5 SERrE 2 18] 1)1 4
XFVRZE, SRS T £ J SRR 22 KT B

1K 5u(t) — hy(t)
MAPE =52 P50 |

ICP, ITW 1 CI R4 5X (20), (22) F1 (26) 1H5H
d) IR, fli7 & T X A) 1 4 3R, MR B EE 1 3R
7 DX B0 B33 11 78 6 AR R

P
2 min(Ery,(t), Ergy(t))

(32)

IR?=1- """ (33)
2;;(@p(t)-— h(t))?
Horb, b SRS SRR 1)~ 3.
Erip(t) = (n2(t)gp(t) — hp(t))”
(34)
Erap(t) = (m(t)y, () — hp(t))?

3.2 BANATLERERIT

1) s T S 56 45
N T ISR R ZEAMEE B A A R, AR SORI AT

JI5 A A ER S LU T R ) A0 4E MCT2FNN
(Y 1), B = 1% 22 AMEE AL ) = BUASTR0 pih 28 I 2%
(B8 2), — BRI N 4% (type-1 fuzzy neural
network, FNN)P2, Ji T2 5054 7 fif I 4 10
ZARE M 4% (empirical mode decomposition-long
short term memory, EMD-LSTM)® 13 £ [a) &
ML (support vector machine, SVM)F.

Bl 3 ~ 5 JoR TR 1 FIBIAY 2 [ sis 45 1.
BT 1A 1 ALY 2 LI 2RI B LA AE B8, 7
MERFYIZ RMSE #h 4 — 2, Wi 3 Fros, R
HL ) S B R, R I 2k RMSE S 3L3h 3
R N 4 el DUE B 1B T 4

0.25
0.20 ¢
H0.15
=
[at
8]
= 0.10
0.05 f
0 1 1 1
0 50 100 150
WIZRFEA
B3 sy L AR R I 2k RMSE
Fig.3 The training RMSE of the point prediction
process of power load
2.6 T T T
— E —— B2 - A 1
24t ;
221 H j
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H
£13
1.6
14+
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1'0 1 1
0 50 100
WEREA
B4 Ff oy Siar s T o A i O T 00 i L
Fig.4  The testing prediction output of the

point prediction process of power load
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Fig.5 The testing prediction error of the point

prediction process of power load

ith 4 B K W B SCAE R SRR, A EE TR 2,
B 1 TSI TR ZEAMENLH], £ ARTIEE &
EX AR, B 5, B 1 AR 2=
MBI SRR % 22 1) E B A (28 101 ~ 130
ANFEA) MR 22 RS AIE IR (5 1 ~ 20 A
A), UEH] 7O EEAE SR T TS B B AR

IAh, F 1R TR L, AL 2, FNNB2L
EMD-LSTMFY F1 SVME 7E i RMSE- i R?
L MAPE _ERIZER. Horpr, FI{H (mean value,
Mean) 5#rifEZ (standard deviation, Dev.) 735l
FH T VPAl A5 2 T 4~ 3 (B 5 B EORE B, A /ME
(minimum value, Min) 5 K{f (maximum
value, Max) 75 3 4@ A R PR RE ) R 5. s b
B R ZEAMENLHIR TTER, AR 1 5RO 2 P Re
ZSAR: AR 1 IR RMSE BRI 2 A%
15.0%, MK MAPE #{EFFK 18.0%. Kk, R Z4h
BRI 24 R IE R 7 X\, (¢ — 1), 7 230
TR BTN 2. HE AR 1, B 1 B b
MR RMSE #4118 (0.109 7). &Nl MAPE ¥J{&
(0.041 8) Al KR R2 $I4E (0.9002), 7 WA

1 5INGRZEHMEN L AT LA 25 5 e A B 1) FHEIRS 2.
£ 20 W R rp, B 1 (1 EK A RMSE
(0.1420)+ HKIIRX MAPE (0.046 7) Fl /N iR
R? (0.8356) 0T HAh 7%, Uil 7R Z=FMENL
HIAES BN LA IR 22 S5 A5 D0 T 7T DA R0 A
A, RGBT 1R 22, DR RS PT 52 05 1k (0 F3000 ) 5
Y. BeAh, A R I ZR G PERE, K 6 J
N TR 2 (A I 5t 22 7 (critical difference,
CD) K. iz A ob AR 2 K5, KKKy 0.05,
I SRR B 1.479 5. B AP HE4 , BUE B
KRR R E PR, FT#R 7% MCT2FNN 7R
HH R (A PR B AR 1R E.

2) DX 7] T S 46 25 SR

DNEGAIE T 3 J7 ¥ 4 DX TR A Rt A Sofs Y
PR B GEAT X L, BLARAEAY 1, SR Z oA R BRI —
BRI o 22 I 2 (RS 3) ok TSR0 2 s 1 4o 28 ]
ZIHABA FS-NN (combined interval predic-
tion system based on fuzzy strategy and neural
network )" F13E T IEADR T X 8] AR5 MFPI
(modified fuzzy prediction interval)*. & 7 ~ 9
PR 1 ORISR 3 7E L S DX T FIAE 55
FII 2R CL Ak 3 Ik 000 X 1) 783 o 475 150 S Tt
WX A FR 22 7w, BE VISR R HERE, I
25 C1 BB WS, Feon 1 B i A8 $4 R ik
Mg 528 aE MBI, RIEE 8 ~ 9,
Y 1 AR TR X TR) AN A R i S P UG 2
gy, H X Ta) 58 B2 -5 Kt e sl i o e R SE AR A A
3 T IX A 72 3 B SR A S ) T X TR). i
Hb, B 3 A7 AR KE ESHEANT N AMERITE L, 2
BP0 X 1) 2R 25 5 30, R WU AT S . B, A
1R TCIN RS 1 X TR 7 o5 PE MRS R, H
AR B X T T

LA, 2 2 PFA T PUAMEZLE) ICP, IW. CT K IR,
B 1 fE 2R AR b B I B E L. Ak
M5, B8 1 i IW 3548 (0.0014) FIARHEZE (0.0007)
BN, B IR B8 4R 5 B ELAR E PR R A A
1 ICP ¥ME LAY 3 327 538.0% , itk T 45

R 1 AFEBRPERE AL (RTINEER)

Table 1  The performance comparison of different models (Point prediction results)
- i RMSE WK R? ik MAPE
Mean Dev. Max Mean Dev. Min Mean Dev. Max
1A 1 0.1097 0.0141 0.1420 0.9002 0.0269 0.8356 0.0418 0.0022 0.0467
157 2 0.1291 0.0151 0.1646 0.8621 0.0334 0.7789 0.0510 0.0036 0.0570
FNN# 0.1526 0.0142 0.1748 0.8077 0.0351 0.7497 0.0561 0.0036 0.0624
EMD-LSTM® 0.1721 0.0111 0.1942 0.7575 0.0311 0.6923 0.0802 0.006 5 0.0940
SVM® 0.2370 — 0.2370 0.5420 — 0.5420 0.1248 — 0.1248
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3.0r B 1 FEIX ) BB 3 BUIX 1]
BORL 1 X ) "
SVM R 1
EMD-LSTM i) 251,
FNN 5 f
\ E20H|
6 HHAT T CD = b
Fig.6 The CD diagram of the point prediction of 15
power load '
1.9 1.0
0.5 e
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INEVEZN
P8 FE g BAAar DX ) SN0t 5 P 0 1 Ty
o Fig.8 The testing prediction output of the interval
§ prediction process of power load
2.0 T T
—— A1 TN X )b SRR 22
151 B 1 T IX 8] R AR 2=
e GRS 3 TN X [ b R 72
Lo FERL 3 T IX 8] F AR
-1.9 : : : ol
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PR %05 !
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Fig.7 The training CI of the interval prediction I
process of power load -0.5
B3 A X ] i 7 5 B 7 o 1k SR e . A 1 -LO}
IR? BME FUBR 3 487 T 5.6%, LB 1 %FE2k s
Rl e —L.9 y : .
BN R ERER BE ) S G R R R . R 0 50 \”U‘Wﬁ 150
— > - \ W
3 MR Z Ju NS, X s AR A aE B RE 0K
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Fig.9 The testing prediction error of the interval

B 3 BYSRIR g IR, B b T onih g S BRI A AL
M. BAREAL 1 ICP #4948 (0.7835) 1 CT #41E
(—1.565 2) EARME 2 T MFPI, {HER 1 () IR? ¥
18 (0.9676) 3T T MFPI FIHABAE R B 1
(R FITI IX 8] 55 I 2SI 3 R 0 45 B v, R v

A H 0 T SRR A AR AL R B4k, 1 10 J&

prediction process of power load

7~ T MCT2FNN, #i% 3, FS-NN. MFPI ({4t it &
EEER S R TR /KEN 0.05 2548 R Il S rE &5
N 1.1726. MCT2FNN f#E4 [X A 5 FS-NN. #
B3 &k MFPL ¥ EEE, W MCT2FNN 74t it

2 ARESERIME R LB (X R P 5 R )
Table 2 The performance comparison of different models (Interval prediction results)
o ICP W CI IR’
Mean Dev. Mean Dev. Mean Dev. Mean Dev.

AL ] 0.7835 0.0624 0.0014 0.0007 -1.5652 0.1242 0.9676 0.0150

iR 3 0.1228 0.0576 0.0011 0.0012 ~0.2456 0.1152 0.9166 0.0274
FS-NN'™I 0.5511 0.1363 0.0023 0.0010 -1.1008 0.2719 0.8291 0.0772
MFPI™ 0.8337 0.0601 0.0013 0.0004 -1.6656 0.1192 0.9222 0.0361
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Fig.10 The CD diagram of the interval prediction of

power load
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4 LERIE

BT LT DA e 81 SR B i b xfE LAAEf T (1) 7]
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BEAR AR AT SE RO DI PN . 7 A R B OR, MCT2-
FNN 5l NRZAMEMTTINEI S, s R L
T HAM A i T VE BT DX R] SR R H AL B A7
i FP B I AN B SE 1, A = 2 e o a5 Sk i A
PRANEFE AR B AR LM 6 &R $R IR ZEAMEE LA,
AL R A E G N RS A, SN RS IE T %2
ST AERG T 3t e IR 22 2 Sk, I
BRI E] B R Fs THE, BOR 1 OB AR X 8]
TR ATFEAE.

SR, ASCTT IR A AE — R R IR YE. BlAT 1 7Y
PR RO R AR 12 S S eI RS AU R, B A
TR R LI s TAL e 7 PR Y, 3f DL 3¢ 4238
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