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Tab. 1 The relationship between the absolute value of the Tab. 2 Correlation coefficient between solar irradiance
correlation coefficient and the degree of correlation and other characteristics
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Fig. 1 TCN-LSTM-AM model Fig.2 Flow chart of TCN feature extraction
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Fig.4 Continuous 360 hours direct solar irradiance Fig.5 Direct solar irradiance data from 6:00 to 18:00
acquisition data on September 10, 2023
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Tab. 3 Comparison of different pre-training models and integrating models
Tl b 3 IR RMSE MAPE/% R? Tl b 3 L RMSE MAPE/% R?
None None 0.111 8 43.015 2 0.885 4 LSTM CatBoost 0.104 2 25.386 5 0.900 4
None CatBoost 0.109 4 28.880 8 0.890 3 TCN-LSTM CatBoost 0.079 2 17.315 4 0.942 6
TCN TCN 0.112 5 27.182 5 0.884 1 TCN-LSTM-AM CatBoost 0.063 8 15.283 1 0.962 7
LSTM LSTM 0.113 3 33.875 1 0.882 4
F4 BEBTMER
Tab. 4 Prediction results of the models
L7 RMSE MAPE/% R? L7 RMSE MAPE/% R?
CNN 0.124 8 34.475 4 0.857 2 GRU-Xgboost 0.090 8 26.287 6 0.924 5
BiLSTM 0.120 0 29.632 9 0.868 1 GRU-TCN 0.088 7 22.940 0 0.927 9
KMeans-SVR 0.110 9 29.338 7 0.887 3 ATLAC 0.063 8 15.283 1 0.962 7
ARIMA-LSTM 0.095 2 31.869 0 0.917 0
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Prediction algorithm solar irradiance based on ARIMA-TCN-LSTM-AM-CatBoost

model in wireless sensor network

Long Chen', Xu Zhen', Wen Shiyuan®

(1. Wuhan Polytechnic University, Wuhan 430048, China;
2. Chengdu University of Technology, Chengdu 610059, China)

Abstract: In wireless sensor networks, the energy supply problem of sensor nodes is an important constraint for their

practical application. and converting solar energy into electricity to power nodes is an effective solution. The prediction of the

harvestable solar energy helps to improve the lifetime of the wireless sensor network. A combination model is proposed to pre-

dict solar energy based on its instability and volatility. The model first extracts the linear component of solar irradiance using

the auto-regressive differential moving average model(ARIMA) , while retaining the nonlinear component in the residual series.

Next, temporal convolutional network(TCN) , long and short-term memory neural network(LLSTM) , and attention mechanism

(AM) are combined to further extract deeper temporal dependencies and complex patterns in the PV data and the residual data

generated by ARIMA. Finally, the CatBoost decision tree algorithm is integrated to synthesize the prediction results. The ex-

perimental results show that in solar irradiance prediction, the scheme proposed in this paper has obvious advantages in terms

of accuracy, robustness, and generalization ability compared with other methods.

Keywords: wireless sensor network; solar radiation; auto-regressive differential moving average model; long short-term

memory network; CatBoost

RERK KEER 5]



X

xS1 BHEE
Tab. S1 Parameter settings
R 28 BE % 2 W % 24 WE
ARIMA  p.d.q 2,1,0 TCN iR (5] - 51 True CatBoost [ 4% pFi %k RMSE
TCN buRE 64 PAEDES 30% B 10
ERZ R 2 LSTM  HJH 64 B TR JEE 3
i ik 2R [1.2.4.8] iR [5] 5 51 True 2 2] R 0.1
MG ELUG=1.0) PAETES 30%
xS2 FRRSEGT 7 MRBEHTNIRZETFMH
Tab. S2 Evaluation of prediction errors of five models during smooth weather
RAKA fo A RMSE MAPE/%  R? RAKM | RMSE MAPE/%  R?
FRERA CNN 0.084 9 17.1130  0.9184 | FEaKR< GRU-Xgboost 0.035 0 8.458 0 0.986 1
BILSTM 0.090 9 22.922 6 0.906 4 GRU-TCN 0.029 9 9.878 0 0.989 9
KMeans-SVR 0.070 7 14.060 1 0.943 4 ATLAC 0.030 2 7.987 3 0.989 7
ARIMA-LSTM 0.042 5 20.196 0 0.979 5
#S3 FFRREELGT 7 MEBEHTNRZ TG
Tab. S3 Evaluation of prediction errors of five models during non-smooth weather
KA Fi RMSE MAPE/% R? KA fis RMSE MAPE/% R?
FEFREAR CNN 0.1609  50.8203  0.786 5 [dEFF KR GRU-Xgboost 0.126 8  49.137 7  0.867 3
BiLSTM 0.148 9 46.981 4 0.817 1 GRU-TCN 0.131 7 45.718 7 0.856 9
KMeans-SVR 0.145 8 52.357 6 0.824 7 ATLAC 0.095 0 32.574 4 0.925 5
ARIMA-LSTM 0.135 2 59.251 0 0.849 3
F oS4 EEEFEHENLE
Tab. S4 Comparison of the running time of the models
7 LRI/ s WIS /s T LRI /s TN /s
CNN 50.174 0 0.205 8 GRU-Xgboost 79.924 3 0.239 6
BiLSTM 68.191 2 0.219 1 GRU-TCN 82.731 0 0.290 0
KMeans-SVR 59.715 4 0.224 3 ATLAC 76.177 7 0.265 6
ARIMA-LSTM 79.967 5 0.291 4




