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Abstract: Distributed photovoltaics (PV) power generation forecasting plays an important role in ensuring the safety
of power grid operation and nearby consumption. In order to enhance the accuracy of distributed PV power
generation forecasting, we propose a meteorological feature extraction method and futher design a PV power
generation forecasting model based on skip-connect models fusion. In the feature extraction, we use statistical
analysis, features cross-correlation, periodicity information, approximate entropy, and the temperature of PV panels
to achieve deep feature extraction of time, weather, and power generation data, enriching the model inputs. In model
construction, we propose a multi-layer model fusion method based on residual connections. Firstly, we introduce a k-
nearest neighbor (kNN) -based softmax regression prediction model. Secondly, we design a three-layer model

structure with multiple prediction models fused through residual connections and multi-layer stacking, continuously
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impg the prediction accuracy of PV power generation forecasting. Based on the real data of electric power companies,

we compare the proposed method with others, such as random forest (RF), TabNet and extreme gradient boosting

(XGBoost) for photovoltaic power generation prediction. The results show that the proposed model can reduce the

root mean square error, mean absolute error, mean squared error, and mean absolute percentage error by 0. 109 7,
0.059 1, 0.050 7, and 0. 036 8 respectively, and improve the goodness of fit by 0. 080 4. The feature extraction

method based on multi-meteorological factors and the photovoltaic power generation prediction model based on

residual connections for multi-model fusion effectively improve the accuracy and stability of distributed PV power

generation forecasting.

Key words: artificial intelegient; solar energy; feature extraction; skip-connect; random forest; TabNet; extreme

gradient boosting; power prediction
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concat(a,, a,). B, # a, Fa, 350 KANHb x
hxd b x hxd, ) =4emat, WA a AR
TRANFb X hx(d, +d,) B =4Em . H, ¥
X' MY A IEA G

X, = concat (X', Yy) (19)

PR XL VEREE 2 )2 %A, 43 5% A TabNet ,
XGBoost Hl RF #4145 21| 3 /45 AU 1% T I 25 2R 7
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Y, =T(X,,)
Y.=G(X.) (20)
Yy = R(XLZ)

32, R concat FRECEEE 2 2 1 F (&
FE R 4 AEHE X #1757, P A B LightGBM
R A R R A T 25 5y

X, = concat(X, Y,Y. YR)

Y’ = LightGBM (X ;)

3 EZB

ARSI A P H 28 |) 15 A H AT 43 A =X
JEAR KB P8, A T4 PR (numerical
weather prediction, NWP) £ 4 #1451~ 4345 XOGIR &
L P B g s R T AR R . BRI T o3
PR 1 h. B A N ) 24 3 ) 43N R B (2021-
04-21—2022-05-31) A1 i it £& (2022-06-01—2022-
07-20), FFFEATAMESEI, BAELIZ: . MRIRCR
XFEE b . B4R B 2 A% 85 JF W 4 https://pan.
baidu.com/s/1Ssj_T6Zx3jglKqttmqRlyQ?pwd=ygfn,
H ] AAT T EIF AT O A .

3.1 iFEMiEtR

X A5 AR 158 22 R VP AN 32 A0 T34 )7 1R 22 (mean-
square error, MSE) . 75 # 1% 2% (root-mean-square
error, RMSE) . “F3 44 X} 1% 2% (mean absolute error,
MAE) | “F34a %) A 43 H 1% 22 (mean absolute per-
centage error, SMAPE) FI#LG LI (R?) 54460547
LAV, RUCH

(21)

1< N
€MAE = ;Zbﬂ Y (22)
1 N
eMSE=;Z(%_%)2 (23)
€RMSE = (24)

%mw__ij:‘ |¥*:ys x 100%  (25)
T 5 Y1102
Sy, -3.)

R=1-2—05 (26)
Sy, - )

5
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Table 1  Comparison results of feature extraction and model effects

. _ Yy e RIS
IR T o
RF XGBoost ~ TabNet — AWFFTAIAY RF XGBoost TabNet  AHFZEAEA

Cane 0.1563 0.1688  0.178 1 0.154 4 0.1154 0.107 1 0.1685 0.095 3
ey 0.0839 0.0998  0.0911 0.0818 0.0410 0.036 1 0.089 6 0.0311
Canse 0.2896 0.3159  0.3018 0.286 0 0.1832 0.190 1 0.2993 0.176 3
Capape 0.1112 0.1191  0.1574 0.1056 0.083 6 0.0799  0.1019 0.068 8
R 0.8670 0.8418  0.8556 0.8703 0.932 4 0.9427  0.8779 0. 9507

TE: IRIREAR P8R T I fl

3.3 HBEIRMBES te, g5 1. MR 1AL, FREREHUR 4 A8

AHFFE R AR @A O AEAE R B A4
FORIEE R A R, (3. 13 T S AP AR,
FE DR A FE AL X AN (] A TR S5 4 A TR IPA
SRR 2. Horp, 258 A AR S TR AR RS54 5
SEF B MU FE T ENN Al softmax [81I5 (AHRL H 75000
B S5 COMBUH A Z5H PR 3 2 AR 22 4,
[7] Fisf 2 FH 6P 1] 9 7 4R Light GBM A& 81 .y ¢ 2 Af
UL, GE5FAEYI IR . W HRIR 2 | 4t iR
25, L oy i 2 LA RS FE bR LI T
HABEAILER, FRIHARBFTE AR AR RIS R A 5K

F2 A[RVRRIZE R ) T 7 i T P
Table 2 Performance of predicted methords with different

model structures

iR R A 45K B 45 C
Cun 0.095 3 0.1225 0.1106
Cuss 0.0311 0.044 5 0.0415
Canss 0.176 3 0.2109 0.2036

Conape 0.068 8 0.114 1 0.076 8
R 0.9507 0.929 4 0.9342

U« SRRBAR NP ST T R
3.4 BRSNS

R A3 AT P B AL R AR SERE A A (RF . XGBoost Fl
TabNet) FIHEFRCR, 3. 11542t 5 P04
FR, XFRF. XGBoost Fl TabNet #5551 FIAHF 7% 45 H HY
FETHR 2L Z ARG 1) 2 B D) R A AR A 1
TR A TR LG, 56T I ah B 4 CREIE B BT
FVRFAE SR IS AU ECIE B, 400 X8 000 280 R R 47 %6F

MIPEMFE bR R B F IR 4 Ly, AR
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Fig. 8 (Color online) Comparison of visual results of predicted and real power generation using the proposed model (a) before feature

extraction and (b) after feature extraction from 2022-07-01 to 2022-07-05. Comparison of visual results of predicted and real power

generation using the proposed model (c) before feature extraction and (d) after feature extraction from 2022-07-15 to 2022-07-19.
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