#53% 455 #HE R Vol.53  No5
2024 4F 5 f THERMAL POWER GENERATION May 2024

DOI:10.19666/j.r1fd.202312188

AT THAERREEF TG AmM
%%ﬁ&ﬁm

Z &, AE4, ABR, WEF

(RBHEIXFELAIHEFR, K /X“F 723000)

i B gHTM KA RA (S e AR AR ENEXTR, MESMKS ﬁ;m%kﬁ
T AL ERE, ATHRIBIRFH R EFIEAL S| MNARBIKF ) 2Kz, A, &
x%?ﬁﬂ%“g””%%é%ﬁ%%ﬂiﬁﬁk,ﬁﬁTi&%&%é%ﬁmﬁﬁﬁo
AT AR TN B AL AL 4 ﬁTE,Tﬁwﬁ‘gff%ﬁﬁT'ﬁ%ﬁ&%T%%ﬁ,
MET —AMATRAEEIE (LSTM) A2 R&ER, LAHRAEILERTZRERS T
8.07%, R TH BB ELHEM S, BTRA \Eﬁﬂv“:n’ﬁé (LRP) ”;f A ]
Fa R 18] 2 AN BT AR A i 69 B R AT T iR, AR T BRI T M. ARERE
B R ARG AITRT, B&RIFOTHEN, P myiEiizgE., Wt
ME (B AA) . KMMZEAEE el dfaEz) =BEZA. BHNK, &
BAB EBEERNE LY MR MEEHER LN T EHE,

(X $ i8] KrafesRemnl; KEFS],; THEKE; LRP Fi&k; LSTM

[SIAAXER] %, AF 4, ABRK, . ATTHREREEFINKMEEHRAEAAMNI]. A H KE, 2024, 53(5):
132-140. LI Ang, ZHOU Leum YAN Qunmin, et al. Prediction of solar irradiation based on interpretable deep learning[J].
Thermal Power Generation, 2024, 53(5): 132-140.

Prediction of solar irradiation based on interpretable deep learning

LI Ang, ZHOU Leijin, YAN Qunmin, HE Haiyu

(College of Electrical Engineering, Shaanxi University of Technology, Hanzhong 723000, China)

Abstract: Accurately predicting solar irradiation (SI) is crucial for power scheduling and photovoltaic site
selection. With the development of high-performance computing and large-capacity storage devices, data-driven
deep learning models have gained widespread attentions in the Sl prediction domain. However, the lack of
physical interpretability due to the “black-box” nature of deep learning models restricts their credibility in specific
scenarios. To enhance the interpretability of the model on the premise of maintaining prediction accuracy and
keeping the model structure unchanged, and without increasing computational complexity, a model based on long
short-term memory (LSTM) neural network is constructed, demonstrating an 8.07% performance improvement
over the conventional neural networks and showing superior outlier handling capabilities. By employing
layer-wise relevance propagation (LRP) algorithm, factors influencing the model output are scored from both
temporal and spatial dimensions, enhancing the model’s interpretability. The research results indicate that the
model possesses good interpretability under the premise of ensuring performance, with historical solar irradiation,
time-related features (such as hour, day, week, month), solar altitude information (such as sunrise and sunset
times), cloud cover, radiation time, temperature, and dew point temperature being the main factors influencing SI
prediction.
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Fig.1 Basic unit of the LSTM neutral network
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Fig.2 Structure of the conventional Encoder-Decoder model
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Fig.4 Propagation process of the LRP algorithm
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B 1 (ML) AR GIREEM A%, 9 PRIESE
SN AT, K75 24 h (1) 15 FHEFAEELAN SI
PLECRSK 1 h S BAE NN, SEIE N R
1. B 2 (M2) AT, Encoder 4%
FEHINI IS 24 h ) 15 FUREE S SI, 3 Fok
Encoder % Hi X} Decoder #H17#]451k . Decoder H %
AAK Lh M EE R, SEOE R 2.

Fz1EE1SH
Tab.1 Parameters of model 1

WNYERE  FihERE REUZAEAE%C W% Dropout

Linear 1 388 776 776 relu 0.3
Linear 1 776 776 776 relu 0.3
Linear 1 776 1 776 I ¥

Fz2 1#EE 2 5%
Tab.2 Parameters of model 2

WA Wl RGEE LSTM BuE

g R A WEEE may Dot
Encoder 24X16 24X128 128 2 pn 0.3
Decoder 1X4 1X128 128 2 o 0.3
Linear 1X128 1 128 T relu 0.3
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Tab.3 Comparison of R? between the models

Bt 1 i 2
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Fig.6 The 168-hour Sl forecast between July 2 and July 8
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Fig.11 Attribution analysis of the characteristics on August 7
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