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XGBoost-Artifical Neural Networks for Secondary Return
Water Temperature Prediction in Thermal Stations
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[ Abstract] To address the challenges of high-dimensional features, large computational demand, and difficulty in improving the ac-
curacy of secondary return water temperature prediction models for heat stations, a secondary return water temperature prediction model
based on the xtreme gradient boosting-artifical neural network ( XGBoost-ANN) was proposed. The feature screening layer uses XGBoost
algorithm to calculate the importance scores of the original data features and determine the main features that affect the secondary back-
water temperature, thus reducing the complexity of the model and improving the computational efficiency. Three layers of feedforward
ANN were trained by Bayesian regularization algorithm as the secondary backwater temperature prediction layer, and the initial weights
and thresholds of the ANN model were optimized by grey wolf optimizer (GWO) algorithm. The weights and thresholds of the ANN
model were represented by grey wolf position vector. The fitness function was introduced to evaluate the performance of each set of
weights and thresholds to help the model avoid falling into local optimality at the initial stage of training, so as to improve the perform-
ance and generalization ability of the model. Experimental results demonstrate that the constructed XGBoost-GWO-ANN secondary re-
turn water temperature prediction model achieved significant improvements. Compared to the model before feature filtering, the root
mean squared error( RMSE) is reduced by 26. 8% , the R’ is increased by 11.3% , and the model inference time is shortened by
46.1% . Furthermore, the optimization of the initial ANN weights and thresholds using the GWO algorithm improve the RMSE by
20.0% and the R* by 3. 4% compared to the unoptimized ANN model. These results indicate that the accuracy and generalization abil-
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ity of the proposed prediction model are effectively enhanced.
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Fig. 1 Thermal power station system
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Table 2 Selected data information

MK ZIRHEK ZIREK ZIRAEHIK =4 IR XL/ AT i T

BEBEREAE/C B/ C R/ C W/ (m®-h ) R/ C (mes™!) R/ % S E/hPa
52 51.43 38.46 143.75 8.5 3.1 28 1 008.8
52 51.99 39.48 141.37 6.3 0.7 34 1 009.6
52 51.80 39.75 141 3.8 1.6 41 1010.2
52 52.20 39.78 144.48 1.5 0.9 51 1010.4
52 51.75 39.73 143.5 0.4 1.4 54 1011.0
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Fig. 10 Results of the feature importance analysis
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Experimental results of choosing the
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Fig. 12 Topological map of the prediction model for
quadratic backwater temperature
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Fig. 14 RMSE decrease before and after feature screening

®3 HEFERIEXTEE

Table 3 Comparison before and after feature screening

FEAY RMSE R HEHAT A/
R O 1E H 0.41 0.79 0.13 +0.03
FEAE TR S 0.30 0.88 0.07 £0.02

3.7 MRURBYAAVE (HME) K8

R YA BT 4R v B A sObE XTI R B,
SFH R 2 5 846 19 XGBoost-ANN #5751 | DL K 2
1 GWO B AL 5 19 XGBoost-GWO-ANN 5 5 |
FEARTR] S5 44 R E A7 D0 2k, 176 40 TR 3k 4 b ok A7
Mk, XGBoost-ANN A& 7 (1) T 2% S 5 41 X} 1% 22
i 15 FE 16 i, XGBoost-GWO-ANN A5 7 ()
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Fig. 15 Predictive performance of the XGBoost-ANN model test set
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Fig. 17  Predictive performance of the XGBoost-GWO-ANN model test set
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