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Accurate thermal load prediction for urban heating systems
using LightGBM and integrated data

PAN Yu

('School of Business, Nanjing Audit University, Nanjing 211800, China)

Abstract: The aim of this study is to use the advanced LightGBM model to predict the heat load of urban heating system with high
precision by integrating real —time weather data and historical working condition data of heat exchange station. In this paper, by
studying the heating system composed of a heat source plant and eight heat exchange stations in Jinan, Shandong Province,
collecting its historical operation data and weather information, and conducting pre — processing and feature engineering, we
successfully screened out the key features highly correlated with the target variables by using Pearson correlation coefficient method.
In this study, the LightGBM model is mainly used, and the hyperparameters of the model are optimized by Bayesian tuning method,
and three benchmark models: Decision Tree (DT) , Random Forest (RF) and ( Gradient Boosting Decision Tree, GBDT) are set up
as comparison models for comparative analysis. The experimental results show that LightGBM model has excellent performance in
predicting instantaneous heat of heat exchange station, and its Mean Absolute Error (MAE) , Root Mean Square Error (RMSE) and
Mean Absolute Percentage Error (MAPE) are all lower than other models, which verifies the efficiency and accuracy of the model.
This study provides a new solution for the intelligent regulation of urban heating system, which helps to reduce energy waste,
improve heating comfort, and promote the development of smart cities.
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Fig. 1 Topology diagram of heat source plant and heat exchange
station (red and blue represent water supply and return

pipes respectively )
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Fig. 2 Research framework
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Fig. 3 Correlation coefficients between different variables and instantaneous heat
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Table 1 Data distribution of training set and test set

Dataset Time Range Features Label Samples
Training 2023/12/12-2023/12/27 5 B8 5 (0 RRAE e A A 184 320
Validation 2023/12/28-2024/01/01 i 18 )5 1 REAE ik B B 57 600
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Table 2 Optimal hyperparameters after Bayesian tuning
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num_leaves 32.00
min_data_in_leaf 18.00
learning_rate 0.01
feature_fraction 0.42
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