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Abstract

Photovoltaic (PV) power generation, as a vital component of clean energy, plays a significant role in
integrating into the power system, enhancing energy utilization efficiency, and reducing environ-
mental pollution. However, the volatility and uncertainty of photovoltaic power generation pose
challenges to the stable operation of the power grid. This study addresses the forecasting issue of
photovoltaic power generation in the Gansu region’s power system by proposing an innovative deep
learning model that integrates the advantages of Kolmogorov-Arnold Networks (KAN), Transform-
ers, and Temporal Convolutional Networks (TCN) to improve forecasting accuracy. Considering the
high-dimensional and nonlinear characteristics of photovoltaic power generation data, KAN layers
are introduced to extract complex data patterns. Transformer layers effectively capture long-range
dependencies in time series through self-attention mechanisms. TCN layers further enhance the
model’s ability to capture local temporal features using dilated convolution techniques. To address
the imbalance in the dataset, this study employs the SMOTE technique for data preprocessing, en-
hancing the model’s recognition capability for minority classes. During model training, the mean
squared error (MSE) loss function is used as the optimization objective to minimize prediction er-
rors. Moreover, this study not only focuses on forecasting accuracy but also applies the model to
photovoltaic power generation fault monitoring, achieving early identification and warning of
faults through real-time monitoring and analysis of operational data. Experimental results show
that the proposed model performs excellently in photovoltaic power generation forecasting tasks,
with higher prediction accuracy and robustness compared to existing methods. Additionally,
through the application of fault monitoring, the model’s practical value in actual power system op-
erations is demonstrated. The outcomes of this study provide new perspectives and technical sup-
port for the forecasting and operational management of photovoltaic power generation, which is of
great significance for promoting the efficient use of renewable energy.
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HR A 1E TR E E B AR, RR AR KRS R AU, T RIS T RENARRE. R 2024
6 A 13 HIBR, HilE 5 Ae R BEEIES] 32.28 4T LA, [FIHEK 75.35%, K HEER
18.32%. #% 5 HJE, &8 KHABENAEEN 9462.62 Ji T, HAKMHAEENEEN 2744.02 JiT I, [F
P 67.35% [1]. R RGUGHETTIH, BEEREIR . =5 5G FHARMAKRE, BHeil Bl @ 8eAm
JRB A sERE, AT LAkt HLk IS 4 AR I e AT TR PR, AR L A R b 4 K R R AR
TR REIE LA N B ReIZ 4 TC AN R Ge %5 B FH (2]
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HA R RelE ke E BEASRIERI S, KEERGRE BT U5 A Rk & 2 il A a4 28 L AEE =,
Hag B tal . FUBAL . — I R IR AF . BbAh, R TE “ DY 7 B AR bRk I Ho e e e 152
MRS JOLRAK BB, Rl RAEVE . B, TRl X T A L v, SCBRPHRE K 5 i Ak
B, ARBE. RYOVEEG K E3].

B ] B AR RRVR IR R R, etk AR R A B B R A, TR T R G A e Rk e
. HIR MRS RORBHRETRUR, SRR K g 7T BRI X 2 — . SR, SRR AL Al ER
PEFUAFR E M L (A s AT e T BRAR, A el dE AR TG AR & e B HR f ) KRG ARAG TR . B7
A T~ A1 BE YR B 28 O L L 4]

AR, RPES SIE & 2RI P B s A BRAT 55 h R I 1 9 K IRE 7, JUHRAEE 2. i dEEds i) i
I RAES Lo BRI E ML, WGP Z 2 (CNN)FIE IR ZE I 245(RNN), T8 2 B H 17
HARALIE . EAR CNN AE G AL BRI H0HE 1 5 SRR AR 2 O T 2 I £, (R G DA PR AR A O
Ao UEAh, CNN X E4ERHE AL BERE A IR, HME LUA RO B A2 2% 1) 22 4E I 209055 -

TEIR 2 N 2% (RNN) A AR (41 LSTM . GRU)FE A AL BR IR 7 254 o Ry iy (B4Rt , 28T, HLAEH 42
KARRAOC R AELERE B R BURVER M . R LSTM Al GRU Jd ik [ T4 LR 4 SR A T 1% 46 v 35T,
HEATRIIZGRE AR, IF HAEFE A 751 I 1t Re 2 T FE[6] .

—HBfF T 220K CNN ORI RNN 454, DU R S 4 R i i ae SR1, X SRR G B A e AL ]
e AR EHE RN 2 2 I P AR OC BRI, AR TR o B 52 2 FE AR R 2 i Bk . R 1 ORI — Bk, A
e T —HMEE& T Kolmogorov-Arnold Networks (KAN). Transformer AV [H] #5825 (TCN) IR i 2 3
B . KAN L R E o i, K 52 % 1 e I e i Wi SR E 2 1), AT PR AR i B2 0% 52, JF N Je 2
f) Transformer F1 TCN $E{LHHUAFFIERR; Transformer JEIT HER IHLEHH IR ERIKHLR, M
TCN N3 B AR 0 R SR IE . W3 45 & Be A R b A v ) 42 SR A R B B 20, TON [ IR AT A2
A&7 A Transformer (1) H {35 /AL 1512 fl 5 452 A0 7 AL BEAC PP A1 IS B 48y 0rH S RE ), (RIS Refig i 4 =2
ERKEKIEIE R . # Kolmogorov-Armold Networks (KAN). Transformer A1 [B] 45 FR P £ (TCN) 3k 7 il
By R IRIY 2 AT S — PG 007 1% AHEAE GE &8 I 28 BB A, XMl & Sk 456 1 KAN 1E
e A P R F . Transformer 7EKFRAKHIOC R A ERILH LA TCN 1E R S RFIE S UM = Rt
HEAREA(7]-19]1. Bk, ARG AE b FE A R I P a3t SR 1 1 BRI B SR PR R

ZIBFDCARK B EZ B Z IR RN, WG EORPRRES . BE%). A E . W E%F
%S . FEHTORARR B E G AT, FRIEIE £ 2 2R A P OGP IR, & nT DUA R s 2L e F 14 e,
BT E R R, JEp b G . FRATEH R A T Synthetic Minority Over-sampling Technique (SMOTE)
BEATHE TALFE, SMOTE 8 A2 Bt B AR K741 -0 R LA, AT 2 re A5 280t 25288 1) 140 3] e
J1o RIS B, AR T ¥ 75 1% 25 (Mean Squared Error, MSE)E A4 2k R £k i /= FUNAE 5 5w
MEIAE 2 18] () 22 5« MSE $d 2% B B AR A A B T 455 28 25 =) S 50 gk ot ) Tl 24 [ 10]

UbAh, AEFEY R TR RS YGRS T R R R I B R R G is AT H R 1)
S PR, IR REAE KR SR TEE R R R, e RR TR E B AT R LR EE

B, ABEFRRGAR R A SRS R A S iy 1 PR 340 305 s o A FHL R g s 000 398 e 1 ASE Y
PSR SEE . X T HIR DR Z X BB RGus 4 B A BEESEME.

2. HiREE

AT EAEE N — AL WAL, R HR 2024 95 1 H 1 HZE 2024 4 6 A 30 H AR ABHAE & H
S o BICH IO AR P A L A . R 1 B W S £ (count) 17,362 S, “F¥4ME(Mean)ly 3823.52,
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ROAEIE R O E s O 2 BOFE B2 B AR #E 22 (Standard Deviation) 4862.58 4RI, &7~ W8 & 7F~F
P30 JE BBl 1) e A Y Bl o B30 1) A 1 IR I o A Aok — D R, AR 25 H i (Q1) N 8.78,
A #(Median) y 214.18, 155 75 E /A E(Q3) N 8206.70. fie/MEM I AAE ST BN 0 F1 17467.30, 7R T
R A VO o X S T R AR A 1) — A R A AR R AL T EEAE R

Table 1. Descriptive statistical tables

=1 fERMgtR

WA AR A bk 2 BOME H2sfiE BSofiE HISHMLE S KM
= ‘™ MW) MW) MW)  2EMW)  FEMW) 2 EMW) MW)

17,362 3823.51 4862.57 0 8.78 214.17 8206.7 17467.3

AHF TR Python JifEis 5 N 1 0 A FEORBEAT Bt nT AL o 383 222 1l TN Oi6 (R A HL B2 I 1] £
S, FATALEMIC R 7R B Msh&S17 08, 47 18 5 R R A R 1T e
RN o Bt PT AL 0 4 RO AR ST SR T B AR, A B TR0 20 M A FH RE A P B R ST e
AT B 2 [ R %50 A, AT K BH e i A TR DAL B3 1 b2 Ak Al
BEMALE

B FITF R I3 NP SRBERT B Bt AL BRI R I Fk o TRUAL BB BUAK) S B 7 T A2 7 B Ak ok e A
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s CIEET RRIMEEESR, KKBE T “RE7 NG, XA RS AR R 5]
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Figure 1. The raw distribution of normal and outlier values
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SMOTE i KA 71k BN 1 A OBt A o 2R AT 1 e L, e F /D B R A S i D (1
Bl HIEAJEFR N D BEAEA AT N L& BRI IR A & . el A DB A S LT AR K /4
FREA AT e AT R AE BT OREAR [ 1]

SMOTE HJit 5 A R DBREA T H)— MR GO x, L WH D BSBEA N x,,, -

X0, = X+rand (0,1)x(x,, —x) (1)

Horr x

NI, rand (0,1) A 0 5] 1 2 [ HIBEHLAL.
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Figure 2. Distribution of normal and abnormal values after SMOTE
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3. BHExEF

FE2E SRR T R R T, R RFEIE SR M T iR IR A N R R R, TR T R R4
EA AN 2 S RGNS, RRARE AT DL BR A L EE R R 5 2. Fa N TE 22 1 7 S 4l A A A2 & Bl
BT SRR R, (HIXFE BRI B k. Bk, #E M ASEBINBE 2 CEE . FUREMAR
FH(PCOH TG R K i B OGN R . PCC &0 F T8 N TR e ARPAE s £ (K P AN BE AL
A b A R A o e SRR S T

r o= i=1 i=1 (2)
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NRQF ry, SR x 5y AEREMNE, JEH | [<1. i, =10, x5y BIEMK; Hr, =00, x
5y BAEMER: Hr, =-10, x5y B0, ERBAAIHE, RGEK T 8ET 0.5 B BRME R E W]
AR ZH . FAAEG R A R BEAE T U AL 5 H AR B A SRR, DA m iR A i Ve RE A2
Red). AR, FHEEFREN AT S HEL, A YN R AT DL R I & N A [F] B B R

4. RIS
4.1. BEEFH

5% B $(Loss Function) F 117 & & T TN AR 5 SRR ML IE 2 S FOFE B, #8 ST hid FE rh S 40
At AR T 1% Z (Mean Squared Error, MSE) 5 2K BRI . T /2 — ML BT I R L, X —Hifl
e T AL EE KDL €. 7EBENLES T F#(Stochastic Gradient Descent, SGD) A H AR [ 1t
74, MSE BIBEEEZR Gt 5, I Res A 2t 5] S B S E 3T, A 2y (1 I 2R SO #2

HH T MSE XTiRZ AT T F 7 ie 5, XA SEOR I 1R 22 7 30 v AR o AR SEBR S A, S T e
T H S E BRI T, MSE fefiggh T H R ZI A&, (R AR Y B Ny s X Lo K I 22, AT 2
AR I TINRE B . I X MSE 19204, AT AR AN FRRRAE B R REAIAT Dy, AR SO AR A SR
JIRIERR SCRF(10] FHottk R ANRSURAE R E M FE A SE bR B T3 2 1 78 4 MBS UEFIA AT 3575 1 2 MSE
i E AR

Iy

1 2
MSE=—>(y,- /) 3)

m -

Horpy f5sbE,  f AR T 1 E, m ORGSRt AL B2 = R Adam
PACHR 12 RREA W AR ) SR, DL B R NI 2R sRECH AR, AT R S A R RE A s 4 T %
M IR K RIS 18] 5 SRR, D9 sz b N2 TSR A 7T 52 19 R 3 SRR (8]

4.2. Kolmogorov-Arnold (KAN)

KAN LA Kolmogorov-Arnold 7~/ FOAFE A, HAz O R BAE T 2 BRI 5L A &R
R R UL . AT ERMARE x = (x,x,,-,x,) » KAN B2 LUE T RIA 9

f(x)= g@pfgp ( )) 4)

FEMRIE AT, p Mg, RATEINSHL x BRI x 0. k2@ B R 8. T A g 18
HORHIE W ReLU. Sigmoid B¢ Tanh SFARZetE R, BRI T o KIARLMERL G RE ), (BB REDS
BB T E R R R AL R R[5]. 18] 3 JBR T KAN BAE ) s ab i i, % ENs
WA 2 1 AETD S b RT 2 ST pR BONMAE 9 ml B RSR AR, XA SR IE RIM AR T KANS IR
LB

4.3. Transformer &Y

Transformer J&— 7t H T~ H R 15 5 AL BE(NLP) A1 A F7 41 2 /7 51 (sequence-to-sequence) (- 55 FRIT B 27 )
R IR, BAE 2017 - Vaswani 5 N 32 . LR & Transformer [ — 2% 5 B 20 Bl 0 43 FHARF 54 :

E v = I HLH (Self-Attention):  1X /& Transformer FIi%OME& 2 —, BRI EEHE [R5 &5 AT 51
A ALE, WA ARG N 25 (RNN) BT 4 N 48 (CNN)—FREE A EE . H VER AL Vi
RURR 4 A7 51 AN B30 20 R AN [F) ()3 B, AT SR A A 4248 O &R
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3. KAN REU B B LR B E

% 3L ER J1(Multi-Head Attention): Transformer H1[1) H{E & /LG A2 MEE 15k, A K]
DA% SIS RN SACE, DA Al SR A R SRR G R . 2 kit B ) R VAL IR AT I AN [|] 15 B 1
IET8

HEZ JZ(Stacked Layers): Transformer 8% HH 2 N R ) 2w i 88 AR D 28 EHES M L. IXEEHES R
A BT 2 5] 5 28 I RHAE R R A S

i1 & 4wt (Positional Encoding): HH T Transformer A W E T FIM BEE R, ' EAANIALE gt
R TE K Ny 51 Hh B3] B A B

Bk 25 B A2 7 — 1K (Residual Connections and Layer Normalization): X285 R4 B TR Rt F2
TR R R LT SR AR E ) R, (AR B 25 Tl ko

it 2SN fEhD 2% . Transformer 185 Q3G —Ngwht &5 FH T b B4R N PP 51R1 — AN g h s F 26 it
Fl, XL IS TR A B P A AR S, L EsEliesE(8].

Transformer A% %Y (1) 4% 0> ¥ B8 72 T H MURE 1 B 3 & 77 HL ] (Self-Attention) «  Xf T % A JF 4
X =(x,x,,x, ), HPENTRx eR, EEIVUHIFTHEEFRIT

Attention (Q, K,V ) = Softmax [ ?/I;_: J |4 %)
Kbt Q=XW,, K=XW,, V=XW,. Wy, Wy, W, BRI HSHIER, SN G5 b AR
1, DU T AR TR 2 I AR R RIC R o T o, & K IOZERE, I BR UL \Jd, #7400,
BT R I ZRA AL TE B 1134 B4

LR R R P, R RE B A A R B R A T B R OB, AT B T
RTINS 55 SR BRI 4, RO K 51 o ) 4 R 5% 2R o Transformer U B 1] 4 i
e

4] 4 H5HTHFE R T Transformer BIRLCHEALGSY . SN B JE 2 M JEHEAT 4000, SRJF e Yol 4
T ZSARRD 28 Mt A28, 300 B WU B 0% e 4N B SR 43, #23d Add&Norm
JEHEAT I — PRI 22 B AR 58 DR 5 2 076 25 /9 F1 Add&Norm J2, IR A9 % Sk & 11 T
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Figure 4. Transformer model
4. Transformer &%

4.4. BEEFRMLE(TCN)
TCN (Temporal Convolutional Network) 78 73 F) F — 24 45 AR 351 >k AL BRI 18] 2 51508 o« (RSN T 518
x=(x,%,0x, ) BRIk RN s, WBEBISH ] LIRS HE R -
k-1
Yi= zwjforjxs (6)
i=0

Hrbw, REPZHINE, HEBERE T EPEAES A BB CR . E BB RN
BEMLKESH, TCN (e ROt HEEUR 8] 77 21 B b i J5 545 10 A0 4 3R 20 9]
TCN g5t 5 piw, R RR T N =, Ik B FBUNN, 2, 4, 8]HIEZAK HE R SR B AR B 1 TCN.
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5. TCN 4544

I I A R A AR R Sk i N R E T) F B HHE 8 el R ON S R o IR I R R, AT B
(45 5 TSR BT R R AR A5 B e B, 0385 KAN 287015 MR AE SR BRI JE £t AR e, N R 221 b
PRBEE S, B4, AR Transformer (1 H VERE IHLHI 2 TR T 7 KOG R, 7 3RIA)R b
TIAER. &Ja, @i TCON [t — R 4t 52 U= S (B ARFAE, AT S 3G I 18] 510 HcHiE i 4= i FLIR N
(BN AT

TEWFFCAT, AR SCRITHA) 2 PR FBE 2 S AR PRI B 5 R 282 D) 28 (CININD RIAJE B 1 28 10X 28 (RNIN) R Ak, 35
WhHiEL A T Kolmogorov-Amold Networks (KAN). Transformer AR []3&FR R 45 (TCN) I BAFIL 34, B7E
vt A T T8 47 50 i IR ¥R T
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Figure 6. Model training true and predicted line charts
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Bl 7. SRR BERERORKELRIITEE

AAEN SR TR 2] 1 Al 8 sk R4 -R? M2k . 23R 1 e R I ZR5e
£ (Epoch) ()05 . $RoE A R? FH T 2 [ E A A G B A SRR, R2 R HUEYEHIAE 0 31 1 218,
R FE UL EE R i Epoch 324k, W] LL A ALZE AN R I ZRBI BOR Bt i 90L& g 0 3 T B0
o HEIAT L, BEEIZRE0E Epoch HI3GIN, R? BTG AT T 1, X3RRI ME RE7E A 5,
X B A G B Rk R, 00 2 SR A PN > A R .

B, AT Eh 4 Kolmogorov-Arnold Networks (KAN). Transformer A1 [A] 35 £ % 2% (TCN) £ 24
BT SL VR BE 2 SRS 2 T H R G A 110 ANTIIME, JF5 JERp) R E i T b, w9 prs.
ZHE R T AR K R GAEESE 110 AN ] BT A 1) 52 ok B &2 5 T A i B 2 TR PR Bl o JE g A 2R 1
P, FRATAT DL B b AL 5 21 5 AN B0 7 510 B I () AR A R 22 . BRI SR AT e AR T
T GAR S Fm P (L S ) MBS R T 0 A flL e (FIEIUAED ), 8 351 LR BL(MW) 9 A o X Al Bt &, B
IRV IR B, 1Y B oGR R B, a0 2 14,000 JE L.

MEL9 AT PAB R A tH, ERE B A N, FOE S SEPRME R AR — 2, RPTR A
(1 FROIU AR AR i 608 A A HE AR R P R BRI SR R FBAT . SR, WAL TN A) i, EIX 28 i b Fil]
EHSEEME R I T %, XPmZEE R HE R REGET B0k &R s & 2 MR 25l
ELI . R EREE B 40 2 60 I T BT JE Bl A, TUINME 5 SERR 2 8] i) m 22 80 .35, IX 3Rk
AR AL X RE I B PR FIUIKS BE A b i, 7R 22— 2B 0 i R BOX S 22 R R DR, I 4R 2R e ASE 20 A
FERTTIE, XR AR TAEMEE T .
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6. JAR & B EFERM 5 &
6.1. BIBZ [E]AY Pearson HHXHRH

N VNI T i, ARSCE Sk — REDEIR R OB B 8 B SERRE AT TN ATt T-E R
RS BRGARK R AR O R EAT 75, 152 142 2 Fos ) Pearson AHIC R %
Table 2. The Pearson correlation coefficient between the daily photovoltaic electricity generation and the actual electricity

generation of the preceding seven days

%R 2. MR—RELKEEMFERELFRL B ER Pearson X FHE

A S1 S2 S3 S4 S5 S6 S7
SEFRME 0.98 0.98 0.98 0.98 0.98 0.98 0.98
TI{E 0.98 0.98 0.98 0.97 0.96 0.97 0.97

M2 RRTRLE H, —RSERR K B AHT LR SEPR K B & (ST, S2, S3, S4, S5, S6,S 7 K ibai LR
SEBROGAR K LB Z TR AE 56 R B2 0.98, VLB ATIAR SR 0 10— R T % R B R A R (1 K
Bk LB AF DG R RS 0.97 F1110.98,  WUIE BH AT T 2 LB R -CAN AR B AR OGRS, JF HLTN &
S ARG VR A o 201 SRR BATT 0 TN A PR AN AR i (1) R A S 5, R B FRATT I TR i A 1) R
AP R 0 7 A 7 A 2R w4 Il R DA
6.2. ROC Hh£Z[RIE

NT UEBA BRATT RS A R R O G b o AR A AT R AG I, A SC L BIN T ROC B AT AUC
fH. ROC (Receiver Operating Characteristic) i1 2& FH T 1Pl 7> AL AEA [F YL s BIAE N IR I el e
FLIEZ(True Positive Rate, TPR)FIE 1E % (False Positive Rate, FPR)H 5% 2 K AT & A A A PEAE .

FAEZR(TPR): BPAEI%, FIRTEFTA JFRN IEZRMIREA b3 B T A E S ], T3 A 3y

TPR = TP (7
TP +FN
HA TP (True Positive) &K IR M A IER FIFEAEL, FN (False Negative) & 1E S T A 51 S8 [ FF
RIEZE(FPR): FRINTETA SEBRA 07 2 PIRE A gl R T D B 2R g b g, 53 A 08
pR=—'F (8)
FP+TN
Hrh FP (False Positive) &4 51 & A IERFIFEASEL, TN (True Negative) & £ ATl A 17 2 B FE

6.3. AUC {ERYJRIE

AUC (Area Under the Curve)& ROC HHZE N IIHAN, R X 4> IE AFEARE IR/, AUC I1E
AF 0.5 B 1 2, [HBKFRBER K HRIEGELT . AUC = 0.5 RoRBRL 050 SR8 S0 24 T BEHLAS D
AUC = 1 FRBA 173 KEe 15636, BIXTIE 2R FEAR e 4 IR/ 4 2K [ 1]

AUC B I E T LLEE A5y ROC 4 T (1 T AR SR S8 . 8 48 A6 T AU (Trapezoidal Rule)if
ATHE AUC, B¥ ROC HIZr N2 AN/ IERIE, FERAEABIE I . ROC #iZk T AUC 7liE
I NN
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AUC = _I[TPR(FPR)d(FPR) ©9)

ARAE L3 R K L TME T/ 2] ROC BHZR AT AUC {8, WE 10 fiok. EH ROC BhZk(GE T
28) NI (Area Under the Curve, AUC)N 0.72, ZfH &AL TAAITE X 2 1E AR AR AR . AUC 18
R 1.0, KU 0 PERERRAL . ABEF TSI ROC iR IE Ml T BENLIE ML 2 I, RUIFTH
Y P 55 o A 0 A R A AR R AN o
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P /ME, XIS R AL T BT . SSERR S FME TR 5, AR B AN SR % Fa it
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