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Short-term load forecasting method with RUSBoost-LightGBM
considering data imbalance

Zhang Yi Wen Mi
(College of Computer Science and Technology, Shanghai University of Electric Power, Shanghai 201306, China)

Abstract: The advancement in artificial intelligence technology has greatly enhanced load forecasting precision.
Nonetheless. certain load curves within the training set experience low forecasting accuracy. This is attributed to data
imbalance resulting from the load curves belonging to a limited number of classes. Consequently, the model fails to learn
sufficiently leading to compromised forecasting accuracy. To address the issue of reduced prediction accuracy due to data
imbalance in electric load forecasting. a solution involving classification before load prediction is proposed. The method
involves clustering historically similar load profiles using an improved K-Medoids approach, constructing classification
labels, and feature sets for electric load. Subsequently, classification is performed based on temporal features, and the
RUSBoost algorithm is employed to effectively address data imbalance issues during the classification process. Finally,
the LightGBM algorithm is utilized for load prediction within each class. Experiments on public datasets demonstrate the
effectiveness of the proposed method in forecasting certain types of loads. The MAPE is 2.95%, and the RMSE is
175.71 MW. For the forecasting of conventional loads, the MAPE is 3.52%, and the RMSE metric is 195. 84 MW,
which is relative to other methods that also have better forecasting effect.

Keywords: load forecasting; load profile clustering; data imbalance; RUSBoost; LightGBM

ANAUAT Bl 000 A v 190 30 BE 452 B £ R ) R G R E 1B
17 B BEPe iy 2 BF A 2 Ak L R BN B IE 3 A 3% FA &

H ) B A B P B 22 A T AR SS AT IO SRR T G IR AR SER ) SO TR R I [ A A
A6F TIOR3 AT L O R A G B L R O R D SOOI SR R AR L TR R S T e 6 A S

0 3

il

75 HH5:2023-12-08

Hh B O T EAARFMEEAR  — 41 —



Big 5 B &

& HL P 7 e T 114 B B2 MR A 2 — . BB R T R ok
1h % 2 MBI . 3 s B T0 A o 6 g, ] L
PR PP 22 X F T SR L AT B R & r R 0 R
FEL T 58« dhE SR R VR VR 2R R D LR R IS AL . RIET,
i 38 fe £ o 2 8 0T B T 3R 1 B B

S SO0 A AT RO AR O Tk E R A ST TR S A
TRRRFEM RS, Mgtttk ., A b 8 F
PR RN 25 4 B sh 72 1 AR R T L
B WU, SR Bl R AR A B 25 R A, T O I T
A o R AR T N R B8 U VR T AR A SO
ffr A5 A0 ) 2 22 FUAE . FEMLAS 2% 2 U, S ) (el A
(support vector regression, SVR)™ | FEHL AR AL L K Fi
H A2 > 19 XGBoost™ ™ Hl Light GBM™ %5 J7 9% £ 7 J 1 £t
o O B T S T, B R AF S B %R, BP
w2 W4t K 4 1498 92 (long short term memory,
LSTMD) 6 £% K H A8 {01 1] 45 36 19 81 JC (gated recur-
rent units, GRUD™™, DL & B 3 4 #F (9 Transformer 5
YU Iz A T A 6 A T

Wit FL DO RILASE 4 SR R B L 3R 19 R R A7 i B4R 1Y
FRUREAN W™ K, 16 T X i 522 49 D sk 670 A B8l , o 4 AT I
YRosal R R Y 15 22 R (B HE . A A e ot 1) RRLAR 22 B
SO AT ECHEHEAT TR R 4y . SCERCI5 8 T —Fb
o = 1 g IE SO SR 2R T AU A7 A bR o
F 7 3 R T T R M AR A5 A ROR 8 4 b A 3
Pz R WA, SCHR 16 13 & B ) K-means
RESHT, AR 4 Tl Al PR (] A 7 A 2 09 22 4k, R 31
AN Tt DX ANAT ol B 07 e 1 L 4 R T 0 o T RGBS
FRCL7 18 T BT ¢ 4948 5B 25 5 g A8 i [a] #L % (dynamic
time warping, DTW) A 45 & (W 77 %% . % 1 o7 B4 380 47 SR 2%
S3 AT o I 308 5 T S 8 AF B T Sk 0 T A A 8

70 A5 3 2k R 2R A ] A b TR A N 2 i L B AR
28 I ) 0 g BOHE A AE A B0 1) B S ST A TR 3 s kb
B AR g B U S TR0 A ok R 2% . SCHERL18 4 — kit
T A S ST % VO B BB s 88 R G P Ty 7 A A R ) T 1 i
e T A B ) G A AR TR A B A T A T R AT B8O
T B N S A ] 8 KA D B R AR AR B IR 2
BB MR, SCERL19 42 T — Fb 25 f A A S S i
) IEAT A P B fer BB r 2% L SR T — i 5 SR REAS & B
15 3% 1) 2k #E Borderline-SMOTE J5 3 &b B 6 a7 Y1l 45 K A<
NI G A AR /DI FEAS B 43 R 1 . 3
HRC20075 18T 14815 /)8 28 B A S 067 A 1000 A B2 AR v 11
I T S 0 Te s WA N Y = 2 Ny 1 MW MY = N
P DL i B A 20, 4 8 T O B E i 2D B0k A g U
W,

DL ARG R d g S 60 e P B 3R AT T RS A, LR
Sl 0B A A It 2 T2 BRI . SR AFAE —
B AR, G ERZHER T SR N R A R R
A0y s g e N TR0 5r S LA EBEETN, X T A

— 42 — SR TNEEA

20244 6 B
$438 £

TE 73 JEAN T 04 R B 5 oA 25 i ) 0 B S o 97 b 4 199 2
P ORI S S 2 AL — b BEAT IR X AT RE R
DB N AP AR R R 2 . R RIS
X g — 2 AT YN G A 036 AE 14 1 23 I A 6 5 Y ) A 2
P AH TR B S B B A B b A AR — SR R ROk
AT iR A L TG T AT SR 2L O HL G BT
i 1o £ 6 I 23 B 2R

He T A ) AR SR T — b e 2 A £ A
BOMHESE . FEIZHESE vh L id ki B9 K-Medoids 53 )
FL 7 G707 T2 0 ) S e e X AR R R AL ) T Sl A
il 2 AT 2R 2K [ A At A — 2 S0 A ol 2 B R A AR S
gk R R SR A7 pH £ 23 S DT IEE AP 198 5008 A SF- A ()L 51 A
T RUSBoost 5% » 5K JH R FE B A i K 4 L OF i i
G2 7 SR D T T RORAE S B AR B B R )
e AR BE AT DU B L AR SCR T LightGBM
Bk . MR T TR BE A9 B30 SR R R 1 LR R AE A
RO N B TR AT SR TR T R R A TN £ Pk
. 5 AT 7 VAR B TR L DT R B T A A T
R .

1 EEBEigN B

1.1 i K-Mediods B3

K-Medoids 32 7E £ 1) K-Means 28 oty ,
K-Medoids 3 2820 2 1 b o F oot (9 546 0 228 4, i
ARJE K-Means K 48 BF o (0 5 35 (5 1E o 2 % 40,
K-Means IS FFEAS i) 5 5 (8 8k B0 T Btk )
K-Medoids Ja 2% M 75 55 $ 1 l Kav iR 22, K-Means+ +
SE— PR K-Means $ 2850, B 76 B 47 M 9] 46 1k 2R
FErfly s DA E B 0 0 SI0EE BE RIT R v A R R
B, EG K-Means 53k 76 BE0) I T 28 b0 i, 58
HOEMALE BRI E T £ A BRGSO R BORE
HRARRE, e B E AR L T B A R I
P S

2 ) K-Mediods 2282 K-Means + + i S8 5 )]
HT K-Medoids SIS M J7 ¥ , 38 2o itk 5B 200 b sl TSR 26
Rl S, SR T K-Means 25 A9 0 R BLFG B398 T
REMESHBEMAYR ., By K-Mediods 5253 7k 25 B
wmr.

BiA — A& N B S ) T 8Os 4R B
M AGTEE S EERE S D, B bR X S8 80 2 i K A
. B, M K-Means+ -+ B B ARE BERIIG A K A4~
DR, A CREBYMEEEN T OENES.C URE
Al

DI 14> S, 7R 8086 & h BE AL 35— A 8K
1Ty

)BT Bt a5 X T RS R R R B A 2, st
HHS5C®BPOAMEEES (P MEEZ . IEh
d(x;»C). BRI DBEBFET =08 C.

Hh BB O T



2024%F 6 5

e $43% B0

d(z, .0
P(r,) = — 21222 D

Dld(x,C)*

A B T R BB Y R BE S 2 R L o 4 R A
MERGEFE T — APl £ B0 T HE B B 1Y 20U A 7T R
Prisk= N

DEELHE ) HBEFET K Arht s,

BT WG PO SE, W K-Medoids 5 3% 1 3% 18

A3 BE RS B Jc 0 14 HR 0 A 0 T A B A T
FUFTA OSBRSS o, 4 B R S R 1 L R
B e B35 .

c(x;) = argmin!_ d(x;,C,) (2)

T G X TR o, TR DI BT A A R HR A
B BN BB B SR/ B AR (9 SR S B Y o
DAL,

C, = argmin 2 d(x,,x;) (3

T €Ec
P €% e, eq,

T S T R H 2 R BB O SN B A AR Aol
KB TUE Y AR REL
1.2 RUSBoost &%

B K A A AR A A 1) T B 1) B A T i ) A AR SR
FH RUSBoost 57 3 44 8 Xof 2 $02H 47 o iih e 149 43 25 0
B J& —Fh ZORAERAR 54 ik ds & . Bk
IR R R 4 7 1 S A B30 AR 4 T B TR ) BT (D
] B 78 A3 U AR Y 3 2 o) B85 I 5 4 P AR 2 ok 57 R B L X
I B AT LA 2000 IR PR R SR AR T 36 ol 9 15 I8, 25 R T R
LA F 5T 22 B AT oA SRR B 0T 7 RUSBoost 5.
e — b 0 AR A T 9 T DA B A A B R - A
[EF T

%S = ((x1sy)s (@yays) sy (2, 0y,) ), Ho,
S W AWML . x, € X RRE i DFEARRAE ) &,
v, €Y ={—1,+1) FrRF i MERPLEIRE. LI,
59502548 A WeakLearn; fie KaE QIR B T, fay b 43 25 4%
H(z), RUSBoost B&E LML BT

DWIERNGEENRE D, ) =1/m.i = 1,2, .m.

DXT =1~ T, PATFUT 5.

(DAEFANTE D, NG —18553258 n, (o), Hfh,.
X —>{—1,+1}.

(DI RER,

€, = >D,[h,(x) #y,] )
i=1

(V555 73 AR HY AL
1 1—€,

a, = —In

t 7 e/
() T H AR AN E .
D, (D exp(—a,y:h,(x;))

DMl(i) = Z, (6)

(5)

Hh B O T

g 9 D&

Horb Z, MG T AR D,y O — DR

B
Z, = EDI(i)cxp(*a,y,h,(x,)) <)
ST
H(x) = sign(jalhl(l‘)) (8)

. RUSBoost 5 % fii F§ T RUS (random under-sam-
pling) # AR A - i 5 Bl 4y 45 . 7 4 R 3% 48 R, RUSBoost
23 B T B AL 3 % — SRR AR 8 D DI 25 4 b B
DAK B2 531575 1) H Y
1.3 LightGBM &%

LightGBM J& S W 78 Bt 2017 AF 42 H 1 56 F g S )
BV BE R B R AE R, 7z T A 2R s [l A AT T
LightGBM 5 XGBoost 8%k # 52 3  GBDT B ik 4> i
B B THHE 4, {0 5 XGBoost 81 He A % 5 e i Il
SR Y NAEERE I HES S R T A E RN
HERR . Light GBM B4 T 1 F Bleit .

1) 5 18 1) AL SRR B0 3 ok X R AR SR A 1 O 1k
SRl AT bR BRSO 25 I 1Y 52 2% B DA T Ok i /1N
SR X .

2) R RRAEAR 480k | T 2 R A B4 4 A7 1 A 7 AR s o
4 I 0, AR AIE 180 T RE 2 AR T HE R B9 AE G 2R A R AR IR
SEAH R DA R RORFR BRI A kAR
NG — SRR AR AT Rl A 45 W] DL IR ARAE Bl i

3 HEITE T W SRR IR B RO S B A B EURE
TE IR — SN e ME T EHTEIME R (EA £
A bin) . FIH B 5 BISIE T i I 5cds s R B Iy £ A
bin BT $8 3 f A 50 244 . SRR S0 P A S TR Y
HFE. HAEMMETRWE 1R,

"

- - E &
§ #
el

t_Y_/

o bins
1 5 E R

Fig.1 Histogram construction process
2 R R BB R T % B RUSBoost-Light GBM
EEA S T 77 A

B RTION JEAR AN B 2 BT 3 0 e T 43 Ry A
BT Ay AR AN BN AE 2R . 7243 28 iy Al b, 5000 5 7R
8 T A R I AR L LR R X D RS 1 £ e T
TUAS BE . TR s, X 40 fr RCHE R AT T SEAE R 1Y 432, R ) 4k

EAA TR — 43—



Big 5 B &

ik ik g

Ensi .

2024F 6 B
$438 £

HHIE TR
HAER:

|
\ FIRBGERIK-Mediodsst H 57 M 22t A7 52K

| o GEERM | e 4/ HARMIA
o THEHRR

o WEEIRHL
| o iR KR

o Rk HHl)G

SRR

| T )

|
HFESEN

] 1 I
(wEsT) [wem | (W |

| RUBRUSBoosSTIEMTHCRN T-AIAL L 5 XS

! ESHRESN
| ! !

l

BRI YIZR, BaEmmivar

— I

|

|

|

|

|

|

|

|

|

|

| |

' . ! !
| [RED | - [ REe) | [AEe) | o [ A% |
|

| | | |
l —
|

|

|

|

|

|

|

|

|

|

LightGBM [a] 4Tl 45y ‘

P2 B i s i i AR

Fig. 2 Flowchart of the proposed prediction method

R R YI 25 B i T B LB o e 0 0 4, DT B 5 T T
TR A P RHRE

AR T B E VS A Y Oy 2k o SOHE 4R E AT Ab
BB S B A e () RO S B AT R s B S R AT
Ay ST, 3 A I R A B 0% s TR) ) B AT A A e
) B 1 /0N o T LA R 3 b A A 0000 B ) Y . RO R
SCHBE T RE S A S BT RSk 1 h & 2 A R )
B 19 T
2.1 SEER

4y ZEAE R v, T I 109 671 ar A0 S 38 R A2 3 i R (A
SHAEL (R 5 ), 6F T 4 ) TR 7 A S 2 R, D) O
BOHR AT AL B, A SCOR FHAR 2R B R0 5 8 (i, Il A 4R
P 37 1 A 7 o SRR BB G 1 DA % S0 0 R R S
ffar il 26 1 A8 Ak 5 NS AR 720 3 BB A G AR HL A B B Y
JARIPE BN R AT R 1 . AR ST 1 d R A R B
HEAT R 43 A I B E 9 K-Mediods 55 i HEA7 B2, %50 1
FIFH K-Means—++ 1B 1L T K-Mediods % o 4] 4
B2 e 1A BE £ L 3 3 T B 5 B R B (silbouette coeffi-
cient, SO i & RBIMANE m . ik 9 K-Mediods % it
AR 3 R,

HERET G BB AAT MR R — R
BREE 78 2 & TIUIN Asf a) 4557 F 04155 50 5 A B — 28 67 A )
FRAESE . CREAE #4 B T 4R AE 0 A 25 A 4R AE 45 L 2K T L X
BT B RS A ) SR T TR B M A R L )
AR SCE A e 0 AN VA R A A BT UL, A 4 BT
NS HEDBEEREARTI Z RSB 1 19 ML T,
P 2 7 BEL ) 42 M A g T A R A Rl o 22 IS, o
RAEGIRBT 95% . T AR, X FE 1 B BURIT M 7 KB AR
HIER . RO — A, AR SR T RUSBoost 595k

— 44 — BESETEEA

[RAGFRIGEE |

SYEEA BB B SR E)
Hb R BTTER R

HREERIM(1 BRI R BE
YRR T RIS

THERNPT S
AR SRR

! |

A
—] ﬁ)\%ﬂiﬁ%feqﬁ oA | HePE A /NS RGY
B R ARTE Pt

FEDLZEIR—AMEAAE R
o 2 )

!
HEBAMEA L LN A
RA DR RIS

}

RRARHER R/
Tl

SR LD R
IR B mA

HHRE
N Eom

K3 BaEny K-Mediods 892 i 72
Fig. 3 Flowchart of the improved K-Mediods algorithm

b 1 3 A A B I A TR I R T, 18 R R i A B 4
BAGFRHEATITAL .
2.2 FmAEE

A B e 00 AR Y v, 1A £ g 0 T R %) R () AR AE
CRIA . X T8 G far 14 B 38 3R B0 1 ) ] Bt
FF R AR BR PE o SR T S B 2 B0 B Aor 18RS o T L 7
FE TRENBEREGAEZEZMAR, ERIAHEEIT@,
T 2o ) ORI AR T A RO IR ok — R IR B
WGH SRR AE s 78 H W R O 21 H T 5 B AR R IR Y

Hh BB O T

[



F435 FEOH
10
o IDBHEA
8r o A
6,
>~ 4
2t ° .
0,
2 ol
3 2 1 0 1 2 4 5 6

4 R Kol oy A

Fig. 4 Distribution of imbalance data

TAEH R R H 2B R ORI H AR RRIE B A
. A ABEAE B L2 5 07 2 1 R

F1 WANFERKD

Table 1 Input features and coding
K d e R R AE 2 1 77 2

AR BH(~12
N H2Emy BHI(1~3D
HRF ¥ S H 4 TR K 0~
RRCEEE ! Bio~2)

AR b s

KA KB -2 2L

LiERORITA S 2

Ve T 4t HEEL

T TR B [0 79 A DG R AE o K L A B 280 U 2 1) 43
A E 2258 R 8 LightGBM 8503 %) 434> 2 51 3
AT I TFI o 38 3 A R A HE B v i A7 43 28 R TR R O A
] B SE B T R far B . X — AN IR T U AN
A LT I /D BOIS A, TR R RS R AT T AR Y
T,

3 HE&KSITMER

3.1 HIEE

HEEK A 2016 4R TR B # R 3. Hhd
B R IX N 2012 4F~2013 4 1 HE 7 67 fur DL SR G B0HE
FEHR 2012 A4 SR B R VI 25 82 Hh AR A . SR TR 5R
TZ AT RN B IR A7 A 0 T 1 B L O3 SR BURRBR H (O
B 24 AW a] s AR R 4

XF 2012 4F 44 (9 H ffer B8R 35T T A b & 5
7R AR BR BTy 1 d B E) (4F 15 min oSt — k.1 d 3
96 A HHE) L PN AL FR N H 3 (44 366 ), B8 AR bR Ok B fiuf
. B AR I e AR AT B R AR M H R R Ay
B 24 HP AR SR TE 5 R Il R A8 Tk i 3

Hh B O T

g 9 D&

5 2012 4F @ 4F G o A

Fig.5 Load distribution in 2012
3.2 FfhEERR

AR SOy VL 43 25 5 T Y R 43, H A AR I 64 43
RTEAER G s — A I o KRR B8 bR L 55 — A A& |1 B
HIFEFR . W Ah TR 43 2S5 RS rp g ik I BT 4 M 0t SR 26 Uy i
WA RO BN T RS AR AT IRAR

IOF £ X4 7

TE G4 P 51 2R 26 M R VEAG T, 52 50 {148 30 22 BOnd
H iy R HEAT WAL . %8 B 3 B2 il 3 i i A A 5 A
B IR IR B R 5 A R (A 1Y o) 8 B HEAT ITA
BEAERAEL—1, + 10 EBOR R BOR By . 5 R
7AW/

. b)) —a(i)

SG) = maxla (Db 9
e G NREAS ¢ B [F] 5% H AL £ 1 2 15 8 (RE NP Y
FEED) 50 GO REA ¢ B a5 3 1 vh (14 FE A A A 74 57 24 B
FERPP I ED .

2) 5y K A8hr

TEOT RGBT FE AR b, ol T 8008 A P B iy L, A
SCHE P R R 4y R ME TR R (Accuracy) BY FERE 38 T X
$8 7 IEJS 1 E 1F 3 (true positive rate, TPRYHI F, 5354,

KH Accuracy . TPR.F, 20 BUVE b 28 5l AS - 16 B0 4 4
ORI HE IR BBORFIRIER 2 FrR i — /0 KRG
FE R AT G VAN X 0 R 34T 43 ST Al I BOR OE
FKUE N VB ML,

x2 REBEEM
Table 2 Confusion matrix
e T Sy 1E 2 I A B 2
ey (283
ELS R IEZE ONEAD TP FN
HIUN (B FP TN

Accuracy /R MK IEH AR, AKX .

B TP +TN
Accuracy = b P L EN £ TN (10)

EAb TR — 45 —



Big 5 B &

TPR 48 & 1F 25 #0019 45 2%, & 11 % ({alse ne-
gative rate, FNR) W 7R #  1E 28 T () 4 1o, A AT

TP
JTPR TP +FN
< FN (1D
1
{FNR"TP+FN

TE M {E (positive predictive value, PPV) 7R T Il 1§
FEIEEM A K, i) & B ZE (false discovery rate, FDR) Il
FE N PO 48 R IE 2 B F R E R, AT

TP
JPPV_TPJrFP

ep a2
{FDR ~ TP +FP

F 2 RS 00 3 00 A 3200 43 2848 A W T TR M
V-5 B 4R 10 2 T, A T
Fo— 2 X TPR X PPV

1 TPR + PPV

2) T 48 A

TE T 25 R B ATAN S b v, SR 48 %0 A o iR 22
(mean absolute percentage error, MAPE) Fll ¥4 J5 R 1% 22
(root mean square error, RMSE) 4~ 48 F5 3 1 Al £ 5 1)
TRIEE ST . MAPE 5252 bR 87 i F1F5000 67 f 74 2 X 352 25 2
B LA S BR AR08 S 38 2 T AR o0 A€ 20 AT S 4 ) e i
fobr . RMSE FI T 00 & 00 67 (6 19 S M40 22, & 5 L )

(13

o7 EL A AR ) Y B 7, 30 £ A5 Pl A5 AU ) 000 e ) AR 45 7
fEFE ., MAPE #Il RMSE & X J .
MAPE — LE Lyi=vh | (14)
n o Vi
1< ;e
RMSE ::N/A*ED Ly, =y |? (15)
n -

ST o T SR 5 R B 5y, Ry 2 AR S B B A
L A T 570 £ £

4 XRIRESH

4.1 BEIRSN

XF 2012 42 4F H 57 faf ith 2 AT R 28 43, e I B 2
RS n L, 1 1 48 B8 AR B0 R 2R 45 R AT IT 41
JESHAMRE T NHT TR, EREEEERES N
6 FF RABOCR BB T Fe s, 508 REUE B E . 5 A SO
Wy E A K-Means, K-Means + + 1 K-Mediods & 7%,
REIFMERIE 3 FR .,

®3 REEN

Table 3 Clustering evaluation

20244 6 B
$438 £

t 3 3 AT, B Y K-Medoids 2 5 BRI R AT, 6 B
FHSC H8hRN 0. 611, B AL T HAB RSB, A AR
K-Medoids 25, 4285 H fafr H 268 B ange 4 pios.,

R4 BERER
Table 4 Clustering results

e eyl B H

1 86

2 49

3 16

4 133

5 68

6 14
Bt 366

TEAP T b YR MG BB 4 ¢ 1R E WSS
ot 2B i O (EAR RS EA R R R
7t BH S 0Y BOHE R ST B 5, b e D B R i 1 25 1
G O 5 REEARBA LB AR 1 26, BAh, 5] 2 A
250 3 MR AR B b7 R AR BN et NF 17, I E
T J&@ F /D B A7 43 25 T Hp ] B | R 22 1 XL
. B UL 7R IS 2R 00 40 28 TAE b, 06200 % 1 vl B0HE S S A
T¥) R0 5 | 2 ) 9 0005 JEE R o
4.2 DEHRSW

D%t e SE 5

RUSBoost k& R R FEH %5 AdaBoost 5% AHH 44
BB, RORAE A e T B AS A Sk 114 1) B, A i A
HA R ¥ RUSBoost 835 AdaBoost B 3% 47 T [k
B, IR Bt 5 A A R B AT TR . AR B R
SRUETR IR 5 IR,

x5 HEWELHR

Table 5 Accuracy results %
; . i . )
Jik  RUSBoost AdaBoost .~ SVM  HRHEH
PRk
Accuracy 82.5 81.7 76.9 77.4 77.1

RUSBoost 5 AdaBoost 7E &4 #4028 i 7 R | 22 51
BN, BRI R T B R BE A
S A )AL A B A D B 28 B 6 I BN IE 2R Ay ST
HOTPR R E, {H, 45 R W3R 6 FiR,

Ko BHEBHEERTM

Table 6 Evaluation of classification results of each model

WiRiS R SC
K-Means 0.563 LightGBM i | MAPE/% RMSE/MW
K-Means -+ -+ 0.571 R o3 2 7.74 745.25
K-Medoids 0. 589 O3 FAB R i B 38 45 (AdaBoost) 4. 57 447. 45
Y K-Medoids 0.611 432 B T 8085 4 (RUSBoost)  3.52 195. 84
— 46 — FEHHRFWEHEAR i [ B A% O A T



2024%F 6 5

e $43% B0

SR FW L f# ] RUSBoost 7028 ¥4 B1S (9 H TPR
B F, {E8 85T HAE L, Ui AM X 5 AdaBoost J H
b AR A B I T A 2R RE AT T AR T E R T
X 35040 A P i ) 8 Ak 3 %) A R

2) 714 il S

VI B e A ey P00 245 SR Sk s o L X 58 4R 1) 40 2 Ak BEFN
ST £ A BRSO L S5 L R AR AR 43 2 Y £ fe AR A 4 AT
T , 5] i 5 46 FH A e T f DI R 2 SR AT X e AE 4y
FREHI T, R 28 2o P AR 11 43 FEAR I AdaBoost Fk .
o P-4 25090 4 B R 19 4 2R AL IR RUSBoost 5175, 1
HRZ R BT A R AR iR 22 LR R
F TR,

KT MNHOEEFEHBEEEANHMIRER
Table 7 Results of ablation experiments on categorized and

balanced dataset techniques
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Fig. 6 Daily load Pearson correlation heat map
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Table 8 Data on the forecasting results of each model
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