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Energy prediction and cluster routing algorithm for wireless sensor networks

based on attention and improved SCINet modeling

Jin Chonggiang', Xu Zhen', Wang Xueshan®

(1. School of Electrical and Electronic Engineering, Wuhan Polytechnic University, Wuhan 430048, China;
2. Zhumadian Cigarette Factory, Henan China Tobacco Industry Co., Ltd., Zhumadian 463000, China)

Abstract: To address the issues such as poor energy prediction accuracy, low energy utilization efficiency of nodes, and

difficulty in sustaining operations in energy-harvesting wireless sensor networks, an improved sample convolutional and interac-

tion network(SCINet) prediction model is proposed. This model incorporates the Probabilistic Sparse Self-Attention mecha-

nism, which calculates attention weights at each time step of the new feature sequence to capture important features and en-

hance model prediction accuracy. Finally, the clustering routing algorithm is improved based on the remaining energy of the

nodes and the predicted solar energy that can be collected in the future. Simulation results demonstrate that this energy predic-

tion model has higher prediction accuracy and generalization capability. Based on the energy prediction model, the improved

clustering routing algorithm can effectively extend the lifespan of wireless sensor networks.

Keywords: energy prediction; sample convolutional and interaction network; probabilistic sparse self-attention mecha-

nism; clustering routing algorithm
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Tab. S1 Evaluation of 8-day prediction results Tab. S2 Evaluation of sunny day prediction results
| RMSE MAE R’ MAPE/ % BEAY RMSE MAE R? MAPE/ %
ATT-Fuse-SCINet 0.052 1 0.020 2 0.973 3 10.580 4 ATT-Fuse-SCINet 0.010 6 0.007 6 0.999 1 2.081 0
ATT-SCINet 0.054 1 0.022 4 0.971 3 11.946 7 ATT-SCINet 0.016 5 0.012 3 0.997 9 3.597 5
Fuse-SCINet 0.052 3 0.020 8 0.973 2 11.194 2 Fuse-SCINet 0.017 9 0.014 9 0.997 5 3.812 2
SCINet 0.055 4 0.022 9 0.969 8 12.26 01 SCINet 0.018 5 0.014 5 0.997 3 2.869 8
ARIMA-LSTM 0.060 6 0.026 3 0.963 9 14.597 0 ARIMA-LSTM 0.037 6 0.032 7 0.988 9 8.998 3
LSTM 0.075 6 0.036 1 0.943 8 18.959 7 LSTM 0.031 6 0.023 9 0.992 2 7.555 3
x®S3 ZEMMERITM F S4 B RTNLE RIFEM
Tab. S3  Evaluation of cloudy day prediction results Tab. S4 Evaluation of rainy day prediction results
e RMSE MAE R’ MAPE/ % T RMSE MAE R’ MAPE/ %
ATT-Fuse-SCINet 0.076 0 0.040 6 0.943 0 9.376 3 ATT-Fuse-SCINet 0.075 8 0.047 7 0.901 7 15.698 5
ATT-SCINet 0.075 8 0.043 8 0.943 3 9.934 0 ATT-SCINet 0.087 8 0.056 8 0.867 9 18.579 2
Fuse-SCINet 0.075 9 0.040 5 0.943 2 9.761 0 Fuse-SCINet 0.078 6 0.052 1 0.894 4 17.618 1
SCINet 0.083 3 0.046 4 0.931 6 11.941 0 SCINet 0.092 5 0.064 2 0.853 4 21.357 8
ARIMA-LSTM 0.078 4 0.042 8 0.939 4 10.897 6 ARIMA-LSTM 0.097 9 0.060 6 0.835 9 21.235 8
LSTM 0.083 9 0.051 8 0.930 6 12.850 7 LSTM 0.124 5 0.080 7 0.734 8 27.797 3
*S5 HESH
Tab. S5 Simulation parameters
Parameter Value Parameter Value
AN 200 fil 5 REFE 5 nJ/bit
X 33, 1 FH 200 mX 200 m ERERILIE IV 10 pJ/(bit » m?)
Sl AR (100 m,300 m) XU 25 H THT P 48 A Y 22 0.001 3 pJ/(bit * m*)
) 0 5 Sk W 2 0.05 Bt 4000 bit
W1 if R 0.05J EER ORI 200 bit
He W/ K 3% e i HLFE 50 n]/bit




