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ABSTRACT: Distributed photovoltaic systems are widely
distributed, with high local penetration rates and complex and
ever-changing installation environments. Reliable measurement
data is the basis for performance analysis, output prediction,
and operation and maintenance control. However, factors such
as sensor failures and communication blockages can lead to
missing measurement values, deteriorating the quality of raw
data, and thus affecting the accuracy of distribution network
operation decision-making. Traditional data repair methods
only consider the distribution characteristics of a single
measurement value, ignoring the coupling relationship of
multidimensional time series data, resulting in low repair
accuracy. A coupled data enhancement method based on a
bidirectional multi-stage recurrent imputation network is
proposed to address this issue. Experimental results
demonstrate that the proposed method exhibits good repair
performance even under high levels of missing data, effectively
enhancing the quality of fundamental data for distributed
photovoltaic  clusters, and improving the fine-grained
perception capability of grid operators towards photovoltaic

clusters.

KEY WORDS: missing data imputation; bidirectional
recurrent imputation network; coupled time-series data;

distributed photovoltaic cluster
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Fig. 1 Grid management of distributed photovoltaics
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Fig.3 Multi-station imputation model
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MR A

xR Al BEYHE
Table A1 Hyperparameter tuning

SH Bl
hidden_size(4ii%#%) 64
hidden_size(fi#ti54%) 64

RALAE Adam
YRR EL 200
kS 0.001
batch_size 16
patience 10
weight decay 0.00001

® A2 BEALRE T HIAIEMRE

Table A2 Imputation error of each station under random missing data

Bokks —ARR . SRR .
ki 1 ki 2 ki 3 Yl 4 Wl 5 Wil 6 W 7 ki 8
emae 0.0469 0.0359 0.0473 0.0389 0.0459 0.0531 0.0426 0.0533
20 ermse 0.0765 0.0564 0.0785 0.0685 0.0739 0.0829 0.0678 0.0847
emae 0.0421 0.0455 0.0376 0.0384 0.0497 0.0395 0.0394 0.0410
30 ermse 0.0714 0.0761 0.0714 0.0684 0.0835 0.0619 0.0726 0.0719
emae 0.0393 0.0513 0.0393 0.0387 0.0412 0.0523 0.0398 0.0625
>0 ermise 0.0665 0.0919 0.0764 0.0676 0.0689 0.0961 0.0669 0.1153
20 emaE 0.0626 0.0705 0.0659 0.0696 0.0534 0.0569 0.0689 0.0772
ermise 0.1121 0.1351 0.1349 0.1453 0.0981 0.1057 0.1271 0.1611
80 emae 0.1034 0.0831 0.1161 0.0873 0.1123 0.0741 0.0937 0.0961
ERMSE 0.1954 0.1656 0.2561 0.1936 0.2272 0.1467 0.1766 0.2138
% emae 0.1408 0.1307 0.1341 0.1442 0.1281 0.1612 0.1085 0.1209
ErMSE 0.2885 0.2674 0.2889 0.3069 0.2761 0.3391 0.2125 0.2509
R A3 s 1 FEHRK T AR E A REXTEL
Table A3 Performance comparison of different algorithms under random missing data
ke 2o KNN Missforest GAIN ATk
EemaAE ERMSE emAE ERMSE €mAE ERMSE EMAE ERMSE
20 0.1946 0.4451 0.0564 0.1051 0.0536 0.0895 0.0469 0.0765
30 0.1989 0.4469 0.0664 0.1428 0.0557 0.0961 0.0421 0.0714
50 0.2233 0.5025 0.0876 0.2071 0.0598 0.1041 0.0393 0.0665
70 0.3483 0.6616 0.1597 0.3542 0.1691 0.3334 0.0626 0.1121
80 0.4266 0.8521 0.2602 0.5664 0.1772 0.3451 0.1034 0.1954
90 0.7593 1.3595 0.3964 0.7912 0.3397 0.6301 0.1408 0.2885
R A4 ik 4 BEHLRRK T AR E A M REXTEE
Table A4 Performance comparison of different algorithms under random missing data
Bk KNN Missforest GAIN AT
emAE ERMSE EeMAE ERMSE €MAE ERMSE EMAE ERMSE
20 0.1657 0.3671 0.0422 0.0992 0.0494 0.0853 0.0389 0.0685
30 0.1754 0.3956 0.0598 0.1471 0.0507 0.0897 0.0384 0.0684
50 0.2011 0.4452 0.0871 0.2043 0.0732 0.1276 0.0387 0.0676
70 0.3237 0.6445 0.1641 0.3827 0.0989 0.2136 0.0696 0.1453
80 0.6553 1.3245 0.2311 0.5271 0.1873 0.3732 0.0873 0.1936
90 0.7412 1.4054 0.3715 0.8019 0.2642 0.4262 0.1442 0.3069
JAS 17k 1 BRRET AR EEMREXS L
Table AS Performance comparison of different algorithms under continuous missing data
o KNN Missforest GAIN ARITriE
emAE ERMSE EeMAE ERMSE EeMAE ERMSE EeMmAE E€RMSE
1d 0.7851 1.4672 0.6823 1.2826 0.3894 0.6847 0.2224 0.4163
2d 0.8503 1.5431 0.6206 1.1887 0.3478 0.6549 0.2489 0.5263
3d 0.8705 1.5979 0.4967 0.8902 0.3662 0.6475 0.3588 0.6024
4d 0.8673 1.5869 0.5543 0.9923 0.4222 0.7102 0.3264 0.5748




RA6 17k 4 BRRATARE LM REXT L
Table A6 Performance comparison of different algorithms under continuous missing data
KNN Missforest GAIN AKITTvE
[T N
emvae €RMSE emae ERMSE emae ERmSE emvae ERMSE
1d 0.7769 1.4421 0.4592 0.9462 0.3143 0.5637 0.3684 0.6142
2d 0.8237 1.5166 0.4972 0.9986 0.4191 0.7292 0.3009 0.5363
3d 0.7728 1.4495 0.6480 1.2878 0.5159 0.8882 0.3633 0.6377
4d 0.8839 1.6197 0.5747 1.1467 0.4637 0.7508 0.4386 0.7545
RAT SRRET RIS INRE
Table A7 Imputation error of each station under missing meteorological data
N A XI5 B XI5}
BRE % RFEE AR X N : : : : - :
Wil 1 Wil 2 Wil 3 il 4 ki 5 ki 6 ik 7 ki 8
20 ema 0.0473 0.0364 0.0384 0.0401 0.0411 0.0409 0.0436 0.0394
erwmise 0.0801 0.0623 0.0696 0.0702 0.0731 0.0732 0.0761 0.0705
30 emae 0.0535 0.0481 0.0417 0.0427 0.0490 0.0362 0.0589 0.0529
€erwmis 0.0902 0.0837 0.0763 0.0756 0.0827 0.0652 0.0941 0.0902
0 emae 0.0661 0.0644 0.0619 0.0539 0.0731 0.0601 0.0687 0.0707
erwmise 0.1155 0.1087 0.1096 0.0938 0.1276 0.1043 0.1185 0.1296
70 emae 0.0988 0.1155 0.1003 0.1027 0.1058 0.1208 0.0945 0.1148
erwmise 0.1741 0.1981 0.1904 0.1763 0.1932 0.2175 0.1702 0.2128
%0 emae 0.1894 0.1429 0.1608 0.1508 0.1696 0.1712 0.1855 0.1837
erwise 0.3343 0.2529 0.3015 0.2805 0.3024 0.3082 0.3305 0.3204
% emae 0.3109 0.2506 0.3311 0.2981 0.4331 0.3617 0.3193 0.4314
ERMSE 0.5287 0.4372 0.5926 0.5148 0.7377 0.6241 0.5361 0.6980
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Fig. Bl Missing data reconstruction results of each station under missing meteorological data
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Table Bl Comparison of imputation errors of different algorithms

. TIEAMEZE/ MW
Wy Hik
20%3k 2K 5 30%8E k3R 50%H k2% 70%k K F 80%*k 90% 2k 3

P B b 0.0694 0.0587 0.0618 0.1432 0.2364 0.4386
Wk 1 ZHrBodfh 0.0873 0.0714 0.1063 0.1594 0.3274 0.3587

Z W Btk 0.0469 0.0421 0.0393 0.0626 0.1034 0.1408

B b 0.0483 0.0597 0.0523 0.1038 0.2014 0.3275
vk 4 ZHrBodEh 0.0432 0.0638 0.1362 0.2337 0.3126 0.3897

Z i Beddith 0.0389 0.0384 0.0387 0.0696 0.0873 0.1442

2 MEEI

HVCHE 4. O 1. BEN 0, WRHEZEDY 0.05; @RS 2: BEN 0, REZEDN 0.08; @RS
3: BIEN 0, FRHEZETY 0.1; @MEFS 4: ${HN 0.05, FrAEZEDN 0.05; 73 5IRHIASCTTE . GAIN Ml Missforest
BEATIS, Sl 1. pul 20 vk 3. Muh 4 18 50%0R RN BT A5 R 0l in sk B2 PR
T B2 EEMIEAMRERLE

Table B2 Comparison of imputation errors of different algorithms

- sk : PR AMR /MW
TCME P IR N RS 1 T 2 W75 3 M7 4
KT 0.0393 0.0405 0.0642 0.0806 0.0407
v 1 GAIN 0.0598 0.0608 0.0664 0.0813 0.0635
Missforest 0.0876 0.1271 0.1462 0.1616 0.1253
AT 1% 0.0513 0.0546 0.0783 0.0973 0.0646
Wik 2 GAIN 0.0569 0.0721 0.1067 0.1098 0.0885
Missforest 0.0836 0.1213 0.1378 0.1564 0.1193
ATk 0.0393 0.0504 0.0843 0.1034 0.0584
Wk 3 GAIN 0.0683 0.0801 0.0905 0.1083 0.0751
Missforest 0.0871 0.1183 0.1415 0.1526 0.1135
ATk 0.0387 0.0486 0.0847 0.0924 0.0563
Wik 4 GAIN 0.0732 0.0823 0.1032 0.1128 0.0836

Missforest 0.0871 0.1224 0.1453 0.1573 0.1246




PN S

28 E
Yy gy e

TERER

HERD A M

J e O E A X,

I} i B 6

> fith
113
Loakd

NAGECEN

B MRt
8 7 S
[y B BUIR A

PR R
PRI ERR

fih
&
<]
ik
R
&
h

) & O —
O P .
| R Rk
HOLEE 3R % AR b R A
1 ﬂ — bk ﬂ
-
%{ % Yy [ < | = 1
x|l il U7 n -~ —1
‘ﬁ‘ N jE 23: % % 17 % iﬁ 17 \': t
o 1 v 15352 e : :
g - AN 1 I N 1
75@ " 1 < o I
&}i}/ EIN JZ\/"}\%@ 2 3 ¢/‘»\§\\ .

s (O -

000) *

é&%g iE FiIMSRIN DA H {1

B B2 HIRIZIRIEBIERI

Fig. B2 Overall architecture of the data augmentation model
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Fig. BS Imputation error analysis




